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AR BN T 328 dEm AR BESSOR X
, R g PERE AT DA AR T

Theorem 1. %7 —/~KR4E K LLM % b9 XA

SME D, HARM o Hoh AR 2 LLM 89 K
TRt po(X) i T AEFT AR LB RE f R —
R stk

D(X) = f(pq(X)), (6)

, BF QAT DL AL A, Dyt
A%, it AUROC(D(X)) , #2:

AUROC(D(X)) o<t k1, (7

, Fb ot RFERIAKRIK, W0k, BPA K
by KL, A

6kt = Drxi(P || Q) — Drr(Q | @), (8)

, R Q ATRAALRBYIAS A, P
Rom & B AR Dicr(]]) A Kull-
back—Leibler(KL) ¥ JZ. .

Proof: FXATAKF LLM A6 I 27 dp (X) ¥
D(X) W— MR BT IE R . Kl dar R4
FEIISCAS © 7 FONHLERE A, PR EAE Q
AR T BRAE 7

1 ifHg(z) <7
dig(x) =
(@) {O otherwise

®

Hr Ho(z) Fn30A o« 78 LLM 701l Q HY %
fill AN X filRRR LLM A, DA A4 :

Hq(z) = ZPQ($i\$<i) log pg(wilr<;) (10)

T4

AR BRSO R X Y LLM RS
IEA 0
Ho(X) ~ N(ug,og) if X ~@Q'

(11)
Ho(X) ~ N (up,03) if X ~ P

SRS Q . NS P I LLM
S Q' 2 AT S

pe=HQ+Da@QIQ)
pr = H(P) + D (P || @)

ROC gkt : FHMEHR (TPR) FRFHMER
(FPR) 5E3CN:
TPR = ]:EDXNQ/(HQ(X) < ’7')

FPRZPXNP(HQ(X) <7') (13
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mERE 11,

TPR(7) = & <T_“Q)
O'Q/ (14)
FPR(T)z@(T;MP>
P

Horr ©(-) 2 A5 S 70 19 5 470 R 4K
(CDF),

AUROC 774 AUROC 42 TPR #£ FPR | f#fH
43, AR R LR FPR SRR p

1 5
AUROC = / ) (@1(1?)013 n KL) dp
0 UQ/ UQ/
(15)

H ok = pp—pg = DxL(P || Q) —Dxu(Q ||
Q) , HEHFE 12,

BWz=0"(p), Wdp=do(2)dz , Hr ¢(2)
SEPREIE SO B k%L (CDF) . )y
2 15 el

AUROC = / ® <C’P Z+ 5“) ¢(z)dz
—c0 aqQ’ oQ!

_ & KL
A /0'?:) + O'g?/
(16)

T IR0 AT CDF 2 BRI i, Br AR
TRE dy , TATA:

AUROC(dy (X)) o<t 6k,

FATUE— A5 I E5E Y R E] D(X) Hy5E R
Lo B s(x) = flpo(x) , Hf:R—>RE
FER R B R TR 21,22 € X

(f 7
(f \)
(18)
TR I8 TR s() IR/ Ho (') 51E
RIBRLIHER o XTI AR s AT MIEE 75 , E
SCEERL He BIH:

a7

s(z1) > s(x2)

Hq(z1) > Ho(z2) <= {s(m) < s(x2)

i = Ho(f (7)) (19)
B f 7 XL 7
TPR(7s) = Pxqr(s(X) < 75) 20)
FPR(7,) = Pxp(s(X) < 74)
MRPEITFE 19
TPR(7s) = Px g/ (Ho(X) < i) 21

FPR(7s) = Px~p(Ho(X) < 7r)

FIRE, XFF f N\, XA 7 0 AR —
BCEA, PRI s(X) Ml Ho(X) #) ROC Hii £k
e ER, #53):

AUROC(D(X)) = AUROC(dy (X)) (22)
R, M1

AUROC(D(X)) o<t k. (23)

O

5 Sl

AATHGA T RATH FZIPAL . XM Mo A
THEF R SE IR R . R 4 AL T IRATI
R AGE SR T RS . B sk
ISYFERCE T 8 1~ NVIDIA H100-80G GPU [
Linux f]x45#% E##47.

TEIRIFRETE T, FATT L TRzl 5 5 e sc
LM A& 84 SCAS o BT A 4 I SCAS bR A2
POEARE ) B DA A U H 4 (1) SRy
MIMIC (Johnson et al., 2023) f1 OALC (Butler,
2025) R ER ST . KRG I E2EfI ik
ORI AT (2) )2 %) : PubMedQA (Jinetal.,
2019) #11 LawStack (Moslem, 2025) ##E4 41
FHOTH . NRBESWREMERE. T H
BERRATR ML, FRATHE LA APL RS H
B HREM AL (GPT-40, O3-mini,
DeepSeek-V3. DeepSeek-R1) Z Jif, 1000 4~
PN
XTSRS B 4, FRATT 38 A 0 A A SR
B =7 Z — I AE R FE R, FF 48R SR
T LLM 248452 45 5 ok A: BUAH I 1) LLM A J{ SC
Ao HTHRA TR, ANEBBRSCAR R
B, ARG SR G =z = XTI
EXEAEE, NEXARALEENERZH
B, T LEM A= ) SCAS D2 3 2 R o) ST
25 SCAE LLM ARy . Bkl FoA1E
] LLM API [ 55 3% DA R $2 7R 5K J5 3l SCAR A4
At RE, WERAS S . kS 6 FIFEAE T .

A, AT HAE LB LI
FEAERG I 28 e LI . XTSRRI RS,
E RIS AR B SR (AR ) iR
B logits KRG80 . BB HEA %
335 Log-Likelihood, Rank. Log-Rank £/l
Entropy i | Mistral-7B-v0.2 PATfi{45 Di-
vScore kil #§ LLM 32— 2. Hil B FEA K
%%, 40 DetectGPT ., Fast-DetectGPT il Binoc-
ulars, i FH 45 B AU 48 2 B9 R 4G LLM Bt
B XA BRI, FRATE JEAE
BRI TN GALRL, A L b B,
TR A5 (O0D) SCA. PAUR @i
N URESAIIET U
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Model Model File/Service Parameters Usage

GPT-40 (OpenAl, 2024) OpenAl/gpt-40 NA Text Source
03-mini (OpenAl, 2025) OpenAl/O3-mini NA Text Source
DeepSeek-R1 (DeepSeek-Al, 2025) deepseek-ai/DeepSeek-R1 671B (MoE) Text Source
DeepSeek-V3 (DeepSeek-Al, 2024) deepseek-ai/DeepSeek-V3 685B (MoE) Text Source
DIPPER (Krishna et al., 2023) kalpeshk201 1/dipper-paraphraser-xxl 11B Paraphrase Attack
BERT-base (Devlin et al., 2019) google-bert/bert-base-uncased 110M Word Substitution Attack
Llama3 (Grattafiori et al., 2024) meta-llama/Meta-ILlama-3-8B 8B Detector Model
Mistral-v0.2 (Jiang et al., 2023) mistral-community/Mistral-7B-v0.2 7B Detector Model
Qwen2.5 (Qwen, 2025) Qwen/Qwen2.5-7B 7B Detector Model
Falcon (Almazrouei et al., 2023) tiiuae/falcon-7b 7B Detector Model
Falcon-Instruct (Almazrouei et al., 2023) tiiuae/falcon-7b-Instruct 7B Detector Model
T5 (Raffel et al., 2020) google-t5/t5-3b 3B Detector Model
GPT-Neo (Black et al., 2021) EleutherAl/gpt-neo-2.7B 2.7B Detector Model
GPT-J (Wang and Komatsuzaki, 2021) EleutherAl/gpt-j-6B 6B Detector Model
RoBERTa-base (Solaiman et al., 2019) openai-community/roberta-base-openai-detector  110M Detector Model
RoBERTa-large (Solaiman et al., 2019) openai-community/roberta-large-openai-detector  340M Detector Model

Table 4: S5 H 1 ) LLM BTEAR{E R, BLARHLAR A2 OCAS ORI . XSG AR RIS I A

[
{ "role": "system", "content": "Continue this
hospital discharge summary." } ,

{ "role": "user", "content": "<prefix: 1/3 docu-
ment content> " }

]

[

{ "role": "system", "content": "Answer this
question truthfully:" } ,

{ "role": "user", "content": "<prefix: ques-
tion>" }

]

Table 5: MIMIC #ffa 4R 5 AR

[
{ "role": "system", "content": "Continue to
write this legal text." } ,

{ "role": "user", "content": "<prefix: 1/3 docu-
ment content> " }

]

Table 6: OALC H#£E 1 $E m AR

Log-Likelihood i3 Fft 25 #7472 fiff 1 75
BURAT B 45 8 SOR PR ARIE R log AR . H
wiME, # AT PRICH T log MERAE R
o850, 480 R 1) 0 B I T SCAR i LLM A= i
ARG .

Rank 33X Fl S5 4% A% J ¥ ) F 5 5 BB A 72 1Y
FRCr e xS o BT EF I HER S, '
T S35 (e FH SCAR R LS 2R AR R 1

Log-Rank J& Rank J7yARIEHRIR A . X FhE
REA Ty ¥ g A BT 1 4 X HE 44 I o i
oo BEHTIIRTEHEA (AR SO 2 hLgR A
BEA T REE S

WX B2 A A T IR AR R B AT

Table 7: PubMedQA F1 LawStack #4135 /- A
i

25 0 SR T A AR £ (Lavergne
etal, 2008) . T M LLM ffaJERE, K
B0 N BRI SR AS T Fi 4
AR~ 20 7 B R B SCAR A AT g @ AR
HE R .

DetectGPT {ifi F #iff % i & o 47 45 ) 1) 25
AJ5: (Mitchell et al., 2023) . Z ¥ &I
Bl SCAFEATE AT 508 5 B XL R
H g AL, HBISERE R, LLM 2B s
SCALEAAE LLM [P35 O3 25 18] (5 408 ey 8
A, (EAPEh i w AR 54 H
K, NG SR BRI AR . EFRAT
55, DetectGPT i F SCHR H ) BRI R AL
% : GPT-Neo-2.7B (Black et al., 2021) £
FEBFRREAL . T5-3B (Raffel et al., 2020) {E it
I FEAAY

Fast-DetectGPT Bao et al. (2023) 321 T —Fh
BB FEA Ty K fif e DetectGPT Hp sy 51
AR, R T LLM SREE %
X DetectGPT (a2 k. FIFH &R R
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p
n,on "o

{ "role": "system","content": "You are a med-
ical professional, reply the medical question
with professional knowledge." } ,

{ "role": "user", "content": "<prefix: ques-
tion>. Answer:" }

]

[

"role": "system", "content": "You are a legal
document translator.",
"role": "user", "content": "Translate this text

into English: <question prefix>. Translation
output:"

]

Table 8: BE2A4) b FNH A HR AR

-
n, n nn

{ "role": "system","content": "You are a legal
professional, reply the legal consult with pro-
fessional knowledge." } ,

{ "role": "user", "content": "<prefix: ques-
tion>. Answer:" }

]

Table 9: AR TR AR AR

VE-ME 5, Fast-DetectGPT H %] LLM il A28
Az B B ZE . FRATESE T SCR
HEEA I E, 11 GPT-Neo-2.7B £ R iT4)
FiZ . GPT-J-6B (Wang and Komatsuzaki, 2021)
YERS R,

Binoculars Hans et al. (2024) &1 T —F=
FEAAS I 735, R —XF LLM 315 SCAR ) 1A
RREE S H A R E Z [H . XN R
bR T —ANBIBNE 5 — AN B AR iE
IR, I LLM A U RS 2
o AR AR A B W] e R R
A LLM Az 8 SCAS ) 1 AT AR AH ]
FAFER R E R G S R BRI A R R
AL (Hans et al., 2024) . fFFZsLig, 3
AT T SCRR 8 ) B AR D s, )
Flacon-7B (Almazrouei et al., 2023) . Flacon-7B-
Instruct (Almazrouei et al., 2023) /£ ELE
PATHE AL,

OpenAl RoBERTa Detectors —#H i /7 H. B A
Ta 4 J1 ) | RoBERTa Z2 4 11 M4 I 4%
Solaiman et al. (2019) 5| A T — 1 Fric s 4E,
3% GPT-2 A= J 11 i i Fl WebText #£:4<, H
TXF LLM Az B SCA e I 9 B 25 1
RS, A1 T £ T RoBERTa-base #l
RoBERTa-large #5284 it >4 2248, 7F GPT-2
SCAKGIN PSP TR 95 % RMERRR . TETE
By, FRATRAM T OpenAl A A 1 5 bt
BN, HAEARSATESMIGRIP G O PPAL L
TE LLM Az Ji i B2 fE A S04 By OOD £

Table 10: EQUALS 3243 [Nl 13 1) $ /B Af

TERE -
5.1 REERUNPZAR

S o - 0 E A AR A 8 Y SRR L, BT
AR BMEAR IER , R80T LLM 4
HATURAF B AE RS 40 A0 g 0t 1
FHIH B R AR B e, it e T
API j 55 k%25 DeepSeek-R1.,

TEXI TAE, AT T S Sk
FHANRZE. % T EQUALS Z4b, BTG WA
HREIRERPIEN G HIOERER, HHIrE
M DeepSeek-R1 A& A HE 7~ i [ A & e if o Xf
F EQUALS (Chen et al., 2023) ¥i4E , HIF4H
VEREREUZ SO, FRATTFI DeepSeek-V3 X
Ik 8 A AR P T, AR PR R I LLM,
%= 10 R TR R
ZRUBANE PEFR AR FH 0l LLM (DeepSeek-R1)
A R I . N A R AR RN . T R AR
FSCPAHE P PR 255 S e T AL P P S Y R MR, T
ATl BRI HE Y, HIE R TR
RGN o BEST A 2 R R R ) B S 7
11 i,

Knowledge Base Seed Knowledge Tokens Size

Composition

DivScore (med)  Verifiable Medical 9.2M
Questions (Chen
et al., 2024)

DivScore (law) EQUALS (Chenetal.,, 17.3M
2023), Open Legal
QA (Butler, 2023),

Pile-of-Law (Hender-
son et al., 2022)

DivScore Combined from above 26.5M

Table 11: 45UGE R : AR E M2, (M: BT
Frid)

2] RO IR 2 LoRA RIS B E
>}y LoRA [k 64, alpha [ 7 128, W%
A FE Mistral Z2 44 P 36860 5007 H 8 %
SOHRE (i, B, ) FIETmmgas (1],
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Knowledge Base Seed Knowledge Tokens Size
Composition

Human (med) iCliniq (Li et al, 9.5M
2023), MedAl-
paca (Han et al., 2023),
MedRAG (Xiong
et al., 2024)
Indian-Legal-

Text (Yashaswat,
2024), Legal-
LAMA (Chalkidis
et al., 2023)

Combined from above 29.1M

Human (law) 19.6M

Combined

Table 12: UG : AKIERDERMZ (M ATHR
ic)

A5 ) . SR bfloatl6 SEKE FEHERT,
GRAMBEN 8, RN 2, HitEK/D
WN 12, e RIFHIK LA 2048,

AT VAL DivScore 75547 5t b B E kM,
AT BARSE N K T PR SRRt . %
TR d, FeA 146 B Krishna et al. (2023)
5] Af¥) DIPPER #4iA T H., iX2&—FiJET 11B
SR TS BLBY, S0 Brig P iR -7 T 1
W, RS ] DA R S R RN A
HEkFzE i . DIPPER 422 i fig e SCAS DA B2 ik 4~
SRR, FTEFEENPLBKF EA
. FEFRATASEE Y, W22
FHRZEY W E R 20 %, REPELHRE.

X T R e i, FRATTIEAE Peng et al.
(2023) BN, JEHESCAS P B LR IR B3]
F-fi F§ BERT-base %! (Devlin et al., 2019) #t
e L —8m & . BRI E, BERT fA7E
Hi KPP EE (512 MF8id) 81T, 7E 50
APRICHT TR SCE O R R T 20 % A I
SR T I N O = S i £ £ a7 S W i e < o
NNEE, N .

TEGUE AR ZE R Ao b, FRATRF
HH B UGS C T YA S NS SO TR A T 3
e KT ALSCAG, FRATE R R AAE
TERHESEA AR ) LoRA iU, 14 E S L
55077, WER 12 P, NJSERHEH RS
VAR SCARH R, FEAMC /D B S 28
HARFEVCEL . EHERIER S %5 22 A
[A]5 B, FAT12K ] Mistral-7B-v0.2-Instruct {E4
MR CTREM R, HhkilgrAkhe
PAFLTTFN o FERS I 5 200 0V R 5 v
LLM ZERg i s S FESR 3 H. Ira kel
ATE ST RN R 2 08 b HAA AR R ) 1

6 FHmaiat
AT RTINS R o

6.1 s

FRATAEAPIT I or s T FE LI i et in mT e
EER . B S 23 T B T T A
FERUFTHR AR 28 1% AUROC k. A T HE
T AR IR R N R I PERE , R (IR
%) HH logig REE. % WAk IE 2 $2 Xt
MR R IERE I AT, FhFE T R ESCE
m45Fr (TPR ¥E 0.1 % FPR).,

W S s, G5 AR 2R R R B TE YT
VAR B LA A A BT A I 9 S e T
R AUROC 2.7 (HIFEENZ, 757
() FPR fH (KT 1073 81071 ) T, F&AIH
g 5 B 2 vk 2 TR M g 22 PR AR 1SRRI 2
F . X FRHH DivScore REWS DA /NIRRT A
W LLM AR B0 &l S0As

6.2 i BT SCA R R B PE i

A5 A 2 B R R N AR 4 P R
T E AR R NS . FEARPE S, R4
e 2 VPAS T BT S RS I A 3 P ek A 2
T A AR AR I R PR RE XS
WFEAIRTR % . FATRERE T HC3 HididE (Guo
et al., 2023) HF R BUIE F B A Bl SCARHI RS
o HARSKGE, FRATPPAE T HC3 B =414
Pide: Reddit i1, FFu & X FI4E R RN
75, WAEE TALACIEAAR . H BRI ) 2 AR
S A A N A R B SRR AR
A3 5 o

FAVE 2L R AR E, WA
el PR AL 1000 S A ZESCAFT 1000 A4~
133 GPT-4o 1 O3-mini A4 ) LLM A, #i
RRME T PR QA% AR5, IR
P2 RS I 8 5 A A A SE 2R 1 0 sl Y
AT R MEM L : Fast-DetectGPT (Bao et al.,
2023) #l Binoculars (Hans et al., 2024) , IE13E
13 firz, 2 H AR 0 25 7 0 e 454 4
FI R TERE . (S EJZ, DivScore
(L) LRI iy O3-mini A= ) SCARK, AHEL
F* Binoculars SCH] T 23119 AUROC #1 TPR 4%
T, ¥ AUROC (%) $#5ik%] 19.79, TPR
(%) ¥azsik%) 35.63. X} GPT-4o juiz,, EIR
FE Reddit F1 Wiki Z(#54E 1) AUROC J{ %k
1%, %ﬂﬁﬁﬁ%?ﬁ%‘%ﬁ?%iﬁtﬁ%%ﬁ%%
E’ [E] 2

ik L ZE FAE S TR AT DivScore J& Sk %Il
I B ), ABAERR S Ll S Rl R
RIFAZALRE ST FE— MU LLM Az i SC
ARMAESS, EUARARmTES S, H
WHEAT SOTA k.

AR T A BA R RENZEOINE,
Ik B8 22 il 0% B Y S Ik B 4R ——MIMIC
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GPT-40 - MIMIC GPT-40 - PubMedQA GPT-40 - OALC GPT-40 - LawStack

1.0 1.0 1.0
08 0.8
Q
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o
g 06 0.6
=
] — Entropy (AUC=0.6852) — Entropy (AUC=0.3330) Entropy (AUC=0.9185)
o = Log Uelineed (AUC=0.8129) Lo Lielnood (uc-032321 Log-Uelnood (AUC=09015)
04 4 — Logfank (AUC=08337) 04 — LogRank (A o LogRank (AU
o —— Rank (AUC=0.7197) —— Rank (AUC=0.2997) Rank (AUC=0,8573)
2 DetectGPT (AUC=0.5371) DetectGPT (AUC=0.4239) DetectGPT (AUC=0.3105) DetectGPT (AUC=0.5751)
= —— FastDetectGPT (AUC=0.9623) — FestosecGer uc-0s7an — Fast-DetectGPT (AUC=0.4633) Fast-DetectGPT (AUC=0.691)
7 — Binoculars (AUC=0.9943) C=0.8954) — Binoculars (AUC=07742) Binoculars (AUC=0.8079)
02 e —— ROBERTa-base (AUC=0.6679) 0.2 RoBERTa-base (AUC=0.6510)
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DeepSeek-V3 - MIMIC DeepSeek-V3 - PubMedQA DeepSeek-V3 - OALC DeepSeek-V3 - LawStack
1.0 Ff 1.0
7
) 0.8
o 2
2 7
© a
o 4
o
> p y 0.6
@ — Entropy (AUC=0,9440) — Entropy (AUC=05987) — Entropy (AUC=08714) — Entropy (AUC=0.8622)
° T Logtelinoed (RUC=05937) " Log-helnood (UC-0.9994) Log-Lhelnood (AUC-0.9375) " LogLelnood (AUC-09870)
— LogRank (AUC=0.9957) 04 — LogRank (AUC=0.9996) 04 LogRank (AUC=0.9409) 04 — LogRank (AUC=0.9903)
o —— Rank (AUC=0.8686) —— Rank (AUC=0.9456) Rank (AUC=0.6835) —— Rank (AUC=0.9333)
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Methods | GPT-40 O3-mini

‘ Reddit OpenQA Wiki Reddit OpenQA Wiki

AUROC
Fast-DetectGPT 86.11 (41.23) 76.26 (14.83) 96.29 (41.92) 79.41 (12.83) 61.24 (14.76) 89.31 (14.17)
Binoculars 87.34 81.09 98.21 76.58 56.48 93.48
DivScore (med) 79.22 (48.12) 97.10 (116.01) 94.84 (43.37) 88.90 (112.32) 97.27 (140.79) 98.86 (15.38)
DivScore (law) 80.67 (16.67) 96.17 (115.08) 96.77 (41.44) 89.17 (112.59) 97.55 (141.07) 99.37 (15.89)
DivScore 78.13 (joo1)  95.96 (1487 9072 (17.49) | 88.02 1114y 9719 (paory 9770 (409)
TPR @ 0.1 % FPR

Fast-DetectGPT | 14.93 (114.33) 1.50 (11.2) 21.62 (10) 6.61 (16.31) 0.10 (10) 4.39 (11.06)
Binoculars 0.60 0.30 21.62 0.30 0.10 3.33
DivScore (med) 6.31 (15.71) 17.65 (117.35) 28.27 (16.65) 12.53 (112.23) 11.52 (111.42) 54.75 (151.42)
DivScore (law) 12.73 (112.13) 5.22 (14.92) 57.84 (136.22) 26.85 (126.55) 1.90 (11.8) 81.83 (178.5)
DivScore 4.41 (13.81) 16.25 (115.95) 13.90 47.72) 16.43 (116.13) 15.43 (115.33) 43.94 (140.61)
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MIMIC: Hospital Discharge Summary

System Prompt: Continue this hospital discharge summary.

User Prompt:

Name: ___ Unit No: ___ Admission Date: ___ Discharge Date: ___ Date of Birth: ___ Sex: F Service: OBSTET-
RICS/GYNECOLOGY Allergies: Patient recorded as having No Known Allergies to Drugs Attending: __. Chief Com-
plaint: none Major Surgical or Invasive Procedure: none History of Present Illness: ___ yo G1P0 at 9 weeks gestation
with T1 DM, sent by Dr. ___ for diabetic control. She was on Lantus and Humalog prior to pregnancy and on NPH and
Humalog during pregnancy. Reports fingersticks have been average 250’s. She feels well and is without complaints. Past
Medical History: PRENATAL COURSE (1)LMP ___ (2)No initial prenatal yet PAST OBSTETRIC HISTORY G1 PAST
GYNECOLOGIC HISTORY - no abnl paps or STIs PAST MEDICAL HISTORY - T1DM PAST SURGICAL HISTORY
- ureteral reimplantation at age ___ Social History: __ Family History: non-contributory Physical Exam: VITALS: T
96.8, HR 96, BP 128/70, RR 26, O2 100 % RA GENERAL: NAD HEART: RRR LUNGS: CTAB ABDOMEN: soft, NT
EXTREMITIES: NT/NE PELVIC US: live IUP confirmed

Pertinent Results: __ WBC-8.3 RBC-4.26 Hgb-13.0 Hct-37.0 MCV-87 PIt-314 __ WBC-9.5 RBC-4.30 Hgb-13.2 Hct-
36.5 MCV-85 P1t-314 _ Neuts-61.8  Monos-4.8 Eos-2.0 Baso-0.3

Human Text:

BLOOD HBsAg-NEGATIVE, HIV Ab-NEGATIVE ___ URINE pH-7 Hrs-24 Volu-1500 Creat-86 TotProt-<6 _
URINE 24Creat-1290 RUBEOLA ANTIBODY, IgG (Final ___ POSITIVE BY EIA) RAPID PLASMA REAGIN TEST
(Final ___ NONREACTIVE) Rubella IgG/IgM Antibody (Final ___ POSITIVE by Latex Agglutination) EARLY OB
ULTRASOUND IMPRESSION: Single live intrauterine gestation. Size equals dates.

Brief Hospital Course: ___ G1 with poorly controlled TIDM admitted at 9wks for glycemic control. Ms ___ had finger-
sticks ranging from 151-236 on arrival to the emergency room. She had no complaints and electrolytes were normal. Her
hemoglobin A1C was 10.0 % . She was admitted to the antepartum floor and ___ consulted and continued to follow her
closely throughout this admission. Initially, it was unclear whether her recent elevated fingersticks were due to insulin
omission or increased requirements. Nutrition was consulted. Her regimen was titrated to achieve optimal glycemic con-
trol. She was continued on NPH in the am as well as an NPH sliding scale at night. She had a humalog sliding scale with
meals. Her regimen was increased and by hospital day # 4 her fingersticks were improved. She was discharged home and
will have close outpatient management with ___ and the Diabetes in Pregnancy clinic. She was instructed to call with
fingersticks greater than 200 for two hours. During this admission, Ms ___ had an early OB ultrasound which showed a
live IUP, size equal to dates. Prenatal labs were done and were unremarkable. She was seen by social services due to her
uncertain psychiatric history. Please see OMR note for details.

Medications on Admission: prenatal vitamins NPH 36 units gam and 20 units ghs Humalog per sliding scale with meals
Discharge Medications: 1. Insulin NPH Human Recomb Subcutaneous 2. Please follow the insulin doses and sliding
scale as detailed on the attached sheet. 3. Humalog Subcutaneous 4. B Complex-Vitamin C-Folic Acid 1 mg Capsule Sig:
One (1) Cap PO DAILY Discharge Disposition: Home Discharge Diagnosis: Type 1 Diabetic admitted for glycemic con-
trol Discharge Condition: stable Discharge Instructions: Please call your ob doctor please call if you experience vaginal
bleeding, leakage of fluid or any other concerns. Please continue current insulin regimen. Followup Instructions: ____

DivScore D g, () : 0.275714 , Entropy H aq+ () : 0.753906 , Cross-Entropy C E g, am+ () = 2.734375

LLM Text:

Patient discharged with the following instructions and management plan: Discharge Medications: 1. Insulin Therapy:
Continue current regimen of NPH and Humalog as managed during the hospital stay. Patient provided with updated
dosage chart and instructed to monitor blood glucose levels at home. 2. Prenatal Vitamins: One tablet daily. 3. Folic Acid:
0.4 mg daily.

Discharge Instructions: 1. Glycemic Control: Regular blood sugar monitoring at home. Aim for fasting blood glucose
levels of 70-95 mg/dL and postprandial levels <140 mg/dL. Contact healthcare provider if experiencing episodes of hy-
poglycemia or persistent hyperglycemia. 2. Dietary Recommendations: Continue diabetic-friendly diet. Referral to a
registered dietitian for nutritional counseling has been made. 3. Prenatal Care: Schedule an initial prenatal appointment
with Dr. ___. Regular prenatal visits are important for monitoring maternal and fetal health. 4. Activity Restrictions:
No specific restrictions. Engage in normal physical activity as tolerated. 5. Warning Signs: Seek immediate medical
attention if experiencing symptoms such as abdominal pain, vaginal bleeding, decreased fetal movement, or signs of hy-
perglycemia/hypoglycemia.

Follow-Up: 1. Primary Care Provider: Appointment scheduled for follow-up on insulin management. 2. Obstetrician:
Appointment scheduled within 1 week post-discharge for prenatal evaluation and further obstetric care planning. Progno-
sis: The patient is stable on discharge with well-controlled Type 1 Diabetes Mellitus in pregnancy. Regular follow-up and
adherence to treatment plan will support a healthy pregnancy outcome. Conclusion: The patient was discharged in good
condition, with detailed instructions provided for managing her diabetes and prenatal care. She exhibited understanding
and agreement with the discharge plan. Please contact Dr. ___ or the OB/GYN clinic at ___ for any further questions or
concerns regarding this discharge plan.

DivScore D, m=(x) : 0.103241 , Entropy Haq+ (x) : 0.435547 , Cross-Entropy C'Eaq a0+ () : 4.218750

Detector Threshold @0.1 % FPR: 0.206166
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OALC: Open Australia Legal Corpus

System prompt: Continue write this legal text.

User prompt:

FEDERAL COURT OF AUSTRALIA Van der Velde v Ng [2008] FCA 480 TERRY VAN DER VELDE AND DAVID
STIMPSON AND RIBY PTY LTD (ACN 081 153 219) IN LIQUIDATION AS TRUSTEE FOR THE JADE TRUST
v KYM HON YOKE NG, THE OFFICIAL TRUSTEE AS TRUSTEE OF THE PROPERTY OF ROSS HASTINGS
(A BANKRUPT) AND RAMS MORTGAGE CORPORATION LIMITED ABN 48 065 912 932 QUD 405 OF 2007
DOWSETT J 4 FEBRUARY 2008 BRISBANE IN THE FEDERAL COURT OF AUSTRALIA QUEENSLAND DIS-
TRICT REGISTRY QUD 405 OF 2007 BETWEEN: TERRY VAN DER VELDE AND DAVID STIMPSON First Appli-
cant RIBY PTY LTD (ACN 081 153 219) IN LIQUIDATION AS TRUSTEE FOR THE JADE TRUST Second Applicant
AND: KYM HON YOKE NG First Respondent THE OFFICIAL TRUSTEE

Human Text:

AS TRUSTEE OF THE PROPERTY OF ROSS HASTINGS (A BANKRUPT) Second Respondent RAMS MORTGAGE
CORPORATION LIMITED ABN 48 065 912 932 Third Respondent JUDGE: DOWSETT J DATE: 4 FEBRUARY 2008
PLACE: BRISBANE REASONS FOR JUDGMENT

1 In both Fraser v Deputy Commissioner of Taxation & Official Trustee (1996) 69 FCR 99 and Scott v Bagshaw (1999)
95 FCR 37, the relevant applicant was seeking to enforce a provable debt although, in the latter case, that may not have
appeared from the statement of claim. In those circumstances, s 58(3) of the Bankruptcy Act 1966 (Cth) clearly applied.

2 That is not the present case, as I understand it. In those circumstances, I am of the view that leave is not necessary.
However, should in the course of the trial it emerge otherwise, we can revisit the question. I certify that the preceding two
(2) numbered paragraphs are a true copy of the Reasons for Judgment herein of the Honourable Justice Dowsett.

Associate: Dated: 14 April 2008 Solicitor for the First Applicant: Mills Oakley Counsel for the Second Applicant: The
Second Applicant did not appear Counsel for the First Respondent: The First Respondent did not appear Solicitor for the
Second Respondent: Rodgers, Barnes & Green Counsel for the Third Respondent: Mr D S Piggott Solicitor for the Third
Respondent: Mallesons Stephen Jacques Date of Hearing: 4 February 2008 Date of Judgment: 4 February 2008 DivScore
D pq,am+ () + 0.163043 , Entropy H aq= () : 0.820312, Cross-Entropy CEaq, = () : 5.03125

LLM Text:

AS TRUSTEE OF THE PROPERTY OF ROSS HASTINGS (A BANKRUPT) Second Respondent RAMS MORTGAGE
CORPORATION LIMITED ABN 48 065 912 932 Third Respondent JUDGE: DOWSETT J DATE OF ORDER: 4
FEBRUARY 2008 WHERE MADE: BRISBANE REASONS FOR JUDGMENT

Introduction 1. This matter involves a complex set of legal proceedings concerning multiple parties and a series of claims
arising from financial transactions, property interests, and trust management. The applicants, Terry Van der Velde and
David Stimpson, along with Riby Pty Ltd acting as trustee for the Jade Trust, seek remedies against the respondents, who
include Kym Hon Yoke Ng, the Official Trustee managing the bankruptcy estate of Ross Hastings, and RAMS Mortgage
Corporation Limited.

Background 2. The facts of the case date back to transactions undertaken in 2005, where the applicants allege financial
mismanagement and breaches of fiduciary duty by the first respondent, leading to significant financial detriments and
potential loss of property interests administered under the Jade Trust.

3. The involvement of the Official Trustee arises from the concurrent bankruptcy proceedings associated with Ross
Hastings, necessitating the management of his financial affairs, while the third respondent, RAMS Mortgage Corporation
Limited, is implicated due to its interests in mortgage securities tied to the disputed property.

Legal Issues 4. The key legal issues revolve around the fiduciary duties allegedly breached by the first respondent, the
implications of these breaches on the trust’ s financial stability, the proper scope of actions available by the liquidated
Riby Pty Ltd against the respondents, and the determination of priority among the creditors, including RAMS Mortgage
Corporation Limited.

5. Additional questions concern the jurisdiction of this Court in managing disputes related to bankruptcy and asset recov-
ery, with particular attention to cross-claims presented by the second respondent regarding the equitable distribution of
assets.

Proceedings and Orders 6. The Court will undertake a detailed examination of the evidence presented, including financial
statements, transaction records, and testimonial accounts provided by all parties. This examination will allow for an
informed judgement on breaches of duty and mismanagement claims.

7. Interim orders will be considered to safeguard the property interests of the applicants pending final resolution, including
potential injunctions against foreclosure actions by mortgage holders.

Conclusion 8. The outcomes of this case will clarify the obligations of trustees and managers of financial trusts and
provide guidance for creditor priorities within bankruptcy contexts, contributing to the broader understanding of fiduciary
and financial stewardship in corporate and trust law. * * * [ certify that the preceding text forms the official reasons
for judgment handed down by the Honourable Justice Dowsett, on the 4th day of February, 2008. [Signature of Justice
Dowsett] DivScore D aq, am+ () : 0.084449 , Entropy H aq+ () : 0.443359 , Cross-Entropy C' Eaq, a1+ () @ 5.25000

Detector Threshold @0.1 % FPR: 0.118119
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PubMedQA: Answer to Biomedical Research Questions

System Prompt: Answer this question truthfully.
User Prompt: Is adjustment for reporting heterogeneity necessary in sleep disorders?

Human Text:

Sleep disorders are common in the general adult population of Japan. Correction for reporting heterogeneity using anchor-
ing vignettes is not a necessary tool for proper management of sleep and energy related problems among Japanese adults.
Older age, gender differences in communicating sleep-related problems, the presence of multiple morbidities, and regular
exercise should be the focus of policies and clinical practice to improve sleep and energy management in Japan.

Detection Score D aq, pm+ () 1 0.272876 , Entropy H aq+ () : 1.304688 , Cross-Entropy C' Eaq, pm= () : 4.78125

LLM Text:

Adjustment for reporting heterogeneity can be necessary in sleep disorders research to ensure accurate and reliable results.
Reporting heterogeneity refers to variations in how information is documented or reported, which can stem from differ-
ences in assessment tools, study design, participant demographics, cultural differences, and subjective interpretations of
symptoms. In sleep disorders, symptoms and their severity can be perceived differently by individuals due to personal,
cultural, or situational factors. Without adjusting for these differences, there can be inconsistencies in data interpretation,
potentially leading to skewed or misleading findings. Therefore, employing methods to adjust for reporting heterogene-
ity can enhance the validity and comparability of research outcomes across different studies or populations. DivScore
D, m= () 2 0.116497 , Entropy Haq+ () : 0.535156 , Cross-Entropy C'Eaq,am+ () : 4.59375

Detector Threshold @0.1 % FPR: 0.130639
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LawStack: Answer to Legal Questions

System Prompt:
Answer this question truthfully:

User Prompt:

I have read the question and answer here: Are parking tickets enforcable But I would like to know that if a person got
a parking ticket in Pennsylvania for a street sweeper violation and didn’t know until they got a registered letter from the
city. In that letter, they state that a person can plead not guilty (and send in a bond amount) or guilty. Which leads me to
think that it’s a criminal offense and not a civil one. If it’s a criminal offense, wouldn’t the burden of proof be on the city
to prove that a particular person (and not just the owner) did the parking? Or is it really sufficient to serve the person who
they think is the owner? Can they really issue a warrant for arrest if the owner might not have ever set foot in that state
before? If personal service isn’t made (as outlined in the above question) then is a parking ticket in PA really enforceable?
What if the owner of the car doesn’t live in Pennsylvania and instead lives in Texas? Can they be extradited to PA from
TX or placed under arrest somehow?

Human Text:

The procedure depends on the local rules. For example, Philadelphia. In Philadelphia, parking offences are civil, not
criminal - other governments may be different. Irrespective of if it is civil or criminal, the burden is on the city. All that
is different is the burden: for civil it is the preponderance of the evidence (or balance of probabilities), for criminal it is
beyond reasonable doubt. Under Philadelphia law, anyone driving with the owners permission is an agent of the owner so
serving them is serving the owner. There is an exemption that car rental companies can avail themselves of. The can take
whatever enforcement action the law allows - this may include issuing an arrest warrant. Serving by post or affixing to the
vehicle is legally service. If there is a valid warrant, they can be extradited from anywhere subject to relevant extradition
law - most extradition laws require the crime to be "serious" - parking violations probably aren’t. DivScore D, i+ () :
0.203187 , Entropy Haq+ () : 0.796875 , Cross-Entropy C' Eaq aq+ () : 3.921875

LLM Text:

In Pennsylvania, as in many other jurisdictions, parking violations, including those for street sweeper offenses, are gener-
ally considered civil infractions rather than criminal offenses. This means that the violation is typically against the vehicle
and not directly against the individual who parked it. As such, the burden of proof is generally on the city to show that the
vehicle was parked in violation of the law, rather than proving who specifically parked the car. The registered letter you
received offering options to plead not guilty or guilty and pay a bond amount is a common procedural step in handling
such civil infractions. While parking tickets are civil matters, failure to address them can lead to additional consequences,
such as fines, vehicle registration holds, or even a bench warrant for failing to respond to the citation, which can create
legal complications. Regarding jurisdiction, if the owner of the vehicle resides out of state, such as in Texas, Pennsylvania
cannot extradite the individual solely for an unpaid parking ticket. Extradition typically applies to criminal offenses. How-
ever, unresolved parking tickets can lead to complications like increased fines or affecting the owner’s ability to register
their vehicle, depending on interstate compacts or agreements. If you believe that the ticket was issued in error or you
have compelling reasons to challenge it, you may wish to contest the ticket through the legal process outlined in the letter.
It can also be helpful to seek legal advice to understand the specific options and implications based on the circumstances
of the case.

DivScore D = () : 0.078887 , Entropy Haq+ () : 0.404297 , Cross-Entropy C' Eaq, at+ () : 5.125000

Detector Threshold @0.1 % FPR: 0.099856
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