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Contributions . (I) We identify limitations in exist-
ing methods for evaluating language model outputs
(Sec. 2). @ We introduce distribution-based per-
turbation analysis which is a model-agnostic sensi-

VAL AT PATE https://github.com/vanderschaarlab/dbpa 4%
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tivity technique that can test the effect of any per-
turbation with statistical significance measures (Sec.
3). @ We perform multiple case studies to show
the usefulness of DBPA (Sec. 4).
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RO d e 0 S () B S(Ag (), B S(z) Al
As(S)(z) Z B ByAEN 22 7 i d kAR .

FATEAEXTRAT LLMs S 3t R G A T T Rk
. ik, () AT ATTRZ RS,
BIANHACE S 225 L (i) FATAMBES AT AT L5k
PRZE . PURIPAG e BT AR GU A ISt EA T o

2.2 53 A AR — A B 38 T SO DA 95 ) e

PEAG S RABE Pk % T DA EE BT A4 B RS i B AG:

IS, — s LA T YE R AR S TR AR TS

BE, Bt A, FIRER, RFHEHHL:
y~S(), y ~S8@). (1)

HI T LLM RGERIRIALYE, XM BT B 22,
WHITRCRAG. P S(a) AR R A « 44
WEPLAE R, BrDA y Ry’ A3 A i B — S B
y Ay’ RIS B AT Ay 22 57 Pt T RE DK [T 1) AL
PE, AR A, BFESTECR.

R TR A SR BR A, FAT O 4311 I Y AR
FOFT A LA B8, AR, A E A
o, MASHEREANmEL. AT HERR, &
D, i= S(z) FRMA @ WHIHMG. 5 Y, F Yo H
*ﬂ/ﬁﬁa /E\:EP Ym ~ Dx %u Yr/ ~ Dz’ o

Definition 2.2 (Output Distribution). X} 25 & B #i A
T € XF—ITLLMS : X - P(), Wt D,
MBI RS, Ml S(o) AR RIS &
Yo Wt B, Yo ~ D, o MEZRBTR R DA 4

Dz (y) = P(Yx = y), Yy e . 2

TON10 ERR A B Ak 2 A R A 2 S T
eSS TN Ty

HO :'Dw ZIDII
H; : D, # Dy

(The perturbation has no effect) (3)
(The perturbation has an effect) (4)
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Takeaway . To understand the sensitivity of a lan-
guage model to changes in input, we need to look at
the entire range of possible outputs it can produce,
not just single examples.
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Takeaway . Analyzing output distributions of lan-
guage models faces two unique challenges: the com-
putational intractability due to the enormous out-
put space, and the need for semantic rather than
just probabilistic interpretation of differences.
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Takeaway . Finite sample approximations using
Monte Carlo sampling and pairwise similarity mea-
sures offer a computationally feasible and inter-
pretable approach to analyzing output distributions
of language models.
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Distribution-based perturbation analysis: a quick
overview of the procedure

Distribution-based perturbation analysis proceeds
in four steps: response sampling, distribution con-
struction, distributional comparison, and statistical
inference.

I. Response Sampling . Draw k independent out-
puts from the original prompt and k& from the per-
turbed prompt

ZA)I = {yi}éﬁ:lv ,ZA)I’ = {yg}f:b

where y; “& S(z) and ¥} S S(z') with o’ =

A, (x) . Define the pooled vector Z = (z1, ..., 221)
with
zi=y (1<i<k), 2=y (1<i<k).

II. Distribution construction .
function s : Y x Y — R, build

Using a similarity

Po={s(yi,y;) : 1 <i<j<k},
2pt]P1 = {s(yi,y;) + 1 <1i,5 < k}.

III. Distributional comparison . Measure the dis-
crepancy between Py and P; with any non-negative
functional

LUIPXP—>R20, Tobs:w(POaPI)-

IV. Statistical inference . Formulate the hypotheses

Hy: S(z) = 8(2), Hy : S(z) # S(2').

We can evaluate this hypothesis via a simple per-
mutation procedure described in Algorithm 1.
Objective . If p is small, this suggests that Typs is
unusually large relative to its null distribution. The
value Ty itself serves as the effect-size estimate,
whereas the permutation test provides frequentist p-
values (Knijnenburg et al., 2009; Phipson & Smyth,
2010).
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Assumption 3.1 (Exchangeability Under the Null Hypoth-

esis). TEJFRIX Ho : Do = Do T, &I
zZ = (ylw'wyk?yllv"'vy;c) %mi%ﬁ%gg" mfﬂﬁ%ﬁéﬂ
XFRREERA {1, ... 2k} BE— N o, FRATA

s Yr(2Kk))-

d
(ylw"»ylmy,la"'vy;c) = (yﬂ'(l)a"'
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Algorithm 1 BT s o ArgHE IR 50

Require: Pooled vector Z = (z1,...,22k) »

similarity

function s , discrepancy measure w , number of per-

mutations B
Ensure: p -value p
1: Compute observed test statistic:

2: POZ{S(ZZ,ZJ)1§Z<j§k}

3: Plz{s(zl,z])1§z§k<]§2k}

4: Tobs = w(Po,Pl)

5: Initialize counter: count = 0

6: for r=1to B do

7:  Randomly select subset I C {1,...,2k} of size k
8: O:{ZlZEI},P:{Zj]¢I}

9: Péﬂ) = {s(u,v) : u,v € O,u # v}

10 Pl(w) = {s(u,v) :u € O,v € P}
1. T =w@P™, ™)
12: if T() > Ty then
13: count = count + 1
14:  end if
15: end for
16: p = %
return p
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Ml Dy 42 Kullback-Leibler #3. FKAT1HKF A2 E4E
BRI — N RR R, IEX R0 12 [H
115 ISD. X2k ISD B =4 T IHb A
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Experiment Purpose Finding Name Case study Insight
Persona Perturbation Test role instruction effect Large LMs stable on medical roles; small LMs variable Table 1 v

TPR/FPR Tradeoff Measure TPR/FPR in healthcare Model choice depends on FPR threshold Fig. 2 v

Model Alignment Compare outputs to GPT-4 Most models align; some small LMs differ Fig. 3 v

Input Length Impact Assess effect of prompt length Longer contexts reduce detectability Table A.1 v
Alt. Distance Measures Compare JSD, Euclid., etc. Significance decisions consistent across measures Table A.2 v
Embedding Costs Estimate embedding expenses Perturbations remain inexpensive even at scale Table A.3 v
Text Similarity Alt. Use BLEU/ROUGE in DBPA Highly sensitive to small changes; less reliable Table A.4 v
Impact of Embeddings Test various embedding models Creative personas’ effects consistent across embeds Table A.5 4

Table 1: SCHGHIZE BIRFFE Y ] LA
TIRFATRREZE AT RELE IS ST A S AT ]

, Hrw FORARR RN, 2q 25 q MRfELRS )
(gL, B 2R AR I RAFR. Hk, LBl Al
TSI AN A I RIK AL ST AR RO RE ), [
IR AT AR FWER #5205 243E 2115, T RARR el
AIRLNRSF 1 2 FPERRE T

4. RBF5E

FAAEZ PO R T BATI IR AR FET
KI/NITH, FATRRRIATHITIERT LA (D) 5
04 25 M S35 19 [l 5 738 (2) il 5 A0
N TS RARAL R ERENE 3) PRAG5 2% T BN —
Hotbe BOAREOLT, AE S AP T Lisfrsis, If
AN BRI EARERE . RO AR w
R R AT 73 A1 Z [R] 1Y) ISD B R 55
W, [R5 p {H.

4.1. BBIFTE 12 AEAFEREADLSD T, Wi %
A7

WHE BRI AR A iEe J, &%
B AR B B (Wang et al., 2023; Kong et al., 2023; Chen
etal.,, 2024) . FATHIH X PR PG FEAS [F] 43 L /A
6N [l R AR A

o % . We evaluate whether we can capture LLM
response variability to prompt perturbations. We
compare response distributions before and after a
prompt perturbation. First, we query an LLM with
a healthcare question to establish a null distribution
from the baseline responses. Then we pre-pend a
role-playing instruction of the form ‘ Act as { role
} 7, where { role } describes a specific given role.
We divide the setups into medical professions (med-
ical supervisor, therapist, doctor, medical student)
and other roles (comedian, robot from the future,
neurips reviewer, child). We then quantify the ef-
fect size w and the p-value. We run the case study
with larger models (GPT-4 and GPT-3.5) as well
as smaller open-source models which are generally
considered less capable.

F #r . We aim to showcase that we can quantify
the shift in the output distribution by pre-pending

g5, WATEAT T ARG (EBEY) FIAFEIE AT (Pis) DA

a different role to a language model and that this
shift is both model and prompt dependent.

EOIFFTE 1 SRR ER 2 fe BT RIS
eBESTR, BATENAS A A6 (RRETR
k) Ak TR MR 22 e, T AP A A F
EN Y ZATAEX R 22 5. BATFRS], XAERRAEA
(GPT-4 il GPT-3.5) HiJg Bar Y, HrpBy7 AWf ()
BRI R, TR ZBARE P AW 0 2%

o5 —J5 I, BN R B AR A AR A ]
BOARXFER KR o FATRF BN BRI R B
HRKFRERZ R, IF HIEHE R . B R
BUEA— X E SR AR 5L b, FATA X
— TR T N R N S Al TR R
AT TS TR A5 ) B2 5 AT P U A ZE AR e o
ARSI R D REA RO R AT SR B B — Fh T ¥k

X LEEE IR B S AT T VIR P Y 32 5 AT
FNTIEE], B/ NRRERUAE Ay €007 THI R B SR A A
e, MENLE, XEEAE AR N LY . I,
TN/ N FU AR I SRR R

4.2. FBIF5E 2 BT TRE I i FOE BHPERME PHAE R
EfL ?

i 4k TPR A1 FPR SR S5 SHIA M E M. 3R]
WEEEAHESL WP LLM M i B SOR AR IR, &
TF—FoB i E S A UEE R . & {Ad, h—&
I, o hEETTEAR C (ZESESN T i A N 1%
AE) FEREAR T (FERSN T fr th % A8 1) .« X4
B p EH. E—PNEEEKE o R p <o
WX Tl ¢ FATHIT <Rl 2840” . A5 FPR =
ﬁﬂ§gecnbi<aqﬁnTPR;= ﬁﬁ§;€T1@i<a]o

R, XATPAESMA o € [0,1] KPR, Wk, X
VR PHES E A 45 50K P 20 A FPR I TPR 22 [i]
AR . H, B — e R B A T RER
X, PG FPR I TPR HUSMER AL IE . 7E3R
BEHSE (FPR(), TPR()) XF a € [0,1] Z )5, LLM
PSR 7 R R RR23-45 th

AUC::/JTPRdeWPRQ@}
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Table 2: FLT45 4.1 PR AR5, XA B2 i G BOY B w o« B 53 XU 25 EK-F: *p < 0.05
. p < 0.01, *p < 0.001 fESATE 1ITRAGH . AUV R, FORTEREN S RPHART, Mbamcs
KATHERI MR . 1EA—NANES%, RATHELENA BT e (RS Ha il sisE , B

M OR) T REm.

Large models ‘

Smaller models

Persona GPT-4 GPT-3.5 ‘LLama-3.1-8B GPT-2 Gemma-2-9B SmolLM-135M Phi-3-mini MagicPrompt Mistral-7B
Doctor 0.22 0.21 0.20 0.20 0.41** 0.14 0.16 0.17 031"
Nurse 0.20 0.20 0.25 030" 0.24 0.13 0.22 0.13 0.24
Medical Practitioner 0.25 0.19 0.25 0.33 ** 0.30 " 0.29 ** 0.18 0.20 0.20
Medical Supervisor 0.22 0.17 0.20 0.19 0.17 0.17 0.25 0.26 0.20
Comedian 032" 0.24 0.36 *** 0.26 0.23 0.12 0.23 0.24 0.20
Robot From The Future 0.15  0.26* 0.31** 0.23 0.18 0.16 0.23 0.25 0.24
NeurIPS Reviewer 028" 028~ 0.30 ** 0.17 0.19 0.13 0.24 0.17 0.28
Child 027 033* 0.19 0.27* 0.14 0.28 ** 0.20 0.19 0.37 **

o Mistral-7B-Instruct B Phi-3-mini-4k c MagicPrompt

>

AUC = 0.56

s o o
2 8 @

True-positive rate

°

0.0
00 02 04 06 08 10 00 02 08 10

0.4 0.6 0.0 02 0.4 0.6 0.8 10
False-positive rate False-positive rate

False-positive rate

*Higher curves (upper left) indi tory power

Figure 11 =ANUG7E i 5 A2 H) TPR/FPR AU, 141 2
AT =AM AL BHC, fid T =AU TPR
I FPR Z[EJ K FR, AT 4.2 F 05 ik PEAG Y
AUC 7%, ROC-AUC ik T REF AT o € [0, 1] i
BAVERER) AL . BAT S AUC MRS EE, EAE
TREM A LS AALHAE 5 T KA1 BT AN [m] 5
ENEE

AT H TS, 8w AUC IR e R H
PRI R E H, LLM RESE 4 X 7 H AR PS5 42l
Pesh. FESCErr, AT A W BE K 2T AR e
WBRIZRADR TR E . BFE, JRATE 1 S5k i i
A — R Pl LLMs.

o 'H . We create healthcare prompts with pa-
tient varying patient features sampled from a distri-
bution and query the LLMs for assessing the cardio-
vascular disease (CVD) recommendations for the
given patient based on the NICE guidelines. We
create two types of perturbations: (1) control per-
turbations that should not change medical recom-
mendations (e.g. changing the patient’s name or
modifying a covariate that should not affect the
guidelines) and (2) target perturbations that should
change recommendations (e.g. changing a patient’s
cholesterol or diabetes information to move them
into a different risk level which requires a different

recommendation). For each perturbation type, we
calculate the p-values and obtain TPR and FPR
rates.

o H#r . We aim to show that our method can
be used to assess LLM reliability for perturbations
by quantifying their true positive and false positive
rates for custom-designed scenarios.

FATHAT T TPR/FPR 4347, HAERE 1 R T =AMt
B FRATE I, HAEPTA AL B E e 5 O T R R A
SRR RN, HAOVRR T RIMGAE. HEEH
MBI, # B7E TPR/FPR b 3k154% = ROC-AUC
AR ERE R A i, SR, AT R BRI E
PERE B — BB P B ¥, (R R A ] RE e T L
RPERE. B, FER 2 H, RAVRR THER—®
B, XFFARFR 1 % 19 FPR, R A& $#: Phi-3, 1
RYFHI 5 % 1) FPR £ 721053% 5% Mistral-7B,

AR, Pt B B A A AR b . X R
Al ATEAT AR e 52 )1 5 B BRI A S B R AT o X
R P ORI E AR % (5
RREZ) SECHCIR R PR Sy 45 R AR T AR 2R A ) i i
B, BAVRANAUURSE AUC 23 015 1 A 5 i
R, HEBAE AL Z MR SRR, REHAE R —
MRS

4.3. RBIESE 3: BAIRNSH G SRR 57 7

FIH A IR, FATTER ISR AR A O0 T 8T 4
AFETR o AT PASZ i S —FE el AR B A ) ) )
FRR AL o 3K 55 2.1 S5 AP AR AT . FRATR]
DLKE P A 1 5 B2 DR B i . 26
RIETRTERE 3

o 'E . We evaluate alignment between two lan-

guage models by sampling responses from a given
language model and fixing the input prompt but
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1.0
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06 8
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Figure 2: AN[FAI#RAIFE#EE FPR T TPR. AR T
WMATAERE 2 Y FPR TNt TPR fe s B R AL . il
FRIAB BHEE: 3R P Fe AR 2R B 7 BB vh e il R . FReATT
KPP RERA T BRI T RV R B R, AR
4% FPR K, ®EH) TPR & T

swapping out the model. Then, the differences be-
tween the output distributions correspond to the
distance between model responses. We evaluate
this across multiple open- and closed-source mod-
els.

o H#Fr . We aim to show that we can understand
how well two language models answer across their
response distributions.

B3 EE SR, FRATTAT DA S AR A2 (] W 7 A5 1) 22
St AT SR — b EL AR ) AR B X6 55 I &k, T R
M F B B R A R . BT RS R
BRARY, HAMWABLR SmolLM # LLama-3.1
—— S H AR Yy B S 2R ], LAY R R ) 2
SERUNG AR, Ry CHLE BT R
T EFEMRAE S B 2 [ B A KA WZE, A%
HPAARAMMN w ;s 2, GRIRATHE S kA28,
ngﬁ%gﬁﬂﬁm%@@ﬁ%%ﬁ257W%ﬁ
EUHH I o

44, LALIPH

PAEAZEWST AR T BATA MRS AT H i ES
WA e R ARG X E, RAUERT
—SE Al BN RATIEATI— 2. 1B
BEARAEAL IR R SORFRBIAN:, X — BBl <
BWEL” (Liuetal, 2023) . FATWFE T HEKEAKE
AT Persona SC4 (%5 C.177) B9, KB K

Gemma-2-9B
Mistral-7B
Phi-3-mini-4k
MagicPrompt
GPT-3.5
GPT-2
SmolLM-135M

Llama-3.1-8B

0.0 0.1 0.2 0.3 0.4
Distance from Reference

Figure 3: 5% 15 5 I A I BLFT BT . FRATN— I
AL (GPT-4) R K NIREL, I3 AR 2
ANHANTE F BRI LY, A 1V EATR w
p-fEo B i A B B R AU 2 A A 22 57 B

BT SR e Al A DU AR A S A A K
VPR T RF B B R R (58 C.29%) FHACBLPPAl G TP
eI R BN IR, (HAERCR B R T
PREFHIRS — 2.t TR HERLAR T 540 R % iR Al
AR FATPPAG 1 B A A iR AR L B A, B
RIGEAE AR, AT RSB 0 AT A AR TH 2 2L
(55 C.374Y) o BATRHA TG AR AETE L2 (0] 4
PR AL GER AT 34T HE . 4 BLEU 5 ROUGE
fabn (55 C4 77) , FFIPAH B A A i A B A RCR
(55 C.574Y) , il A LA TIHR p (HARCR &
R A B TEUR.

5. M 1A

A= EE TR EA SR A X BT SR
. XLy VA AL RE I AL ) b e R L,
RICERT NI, PARCURTEE &L

» MEAETU M ZE . SRS, 52 5H XM TIEZTE
M- JEFI 2= (Borkan et al., 2019; Dixon et al., 2018;
Park et al., 2018) . X SEFRHREAL THIAE T4 2 8]
WA W ZE . X ASSE )2 1) AR AT PAFE (Friedler
et al., 2021; Kleinberg et al., 2016; Menon & Williamson,
2018) HHk3 . AT, XFTRENTLHRYE, 0 AP,
FHARE 25 TR Z [ A AT S AR

> AR XA (Garg et al., 2019) KA 4N
RABURRIEALE, FNERRF T SAE . BRI AR
BN RN, AEANBERY )T BARRE, A A R AL
2, ARG IR . FEN TR ARIRICE RN
FREmIE (N, Bgrk), FFEd—Lefiasr, B, Ak
%g%%?ﬁﬁ?ﬁﬁ%%?ﬁK@%@ﬁxﬁ%%
&

» SUARTHEFE AR . X EEFE R (Bhandari et al., 2020; Zhang

www.xueshuxiangzi.com



Statistical Hypothesis Testing in Language Models

etal., 2019; Zhao et al., 2019; Lin, 2004) 7¥4il SCAS 5 L1
Wi, EATR AR B, (FOREE T RA A, R
FVHEREILS), UA SRR G TR . EMFHRENTHEA
TR FE R3¢ . & FhF54R I BERTScore. MoverScore
H1 ROUGE 72 {&ffif it R 25 2 % i B2 (B AR U1
SENEpIS

N7 E AR R AT Z Ak, FATIR S A~ E B
PRUER R GURHEAT U (1) %5 RS2 A5 T AR ]
TARATRRARAL; (i) A5 [T LALY A0 Ay 4
gly; (iii) kRS SRR (iv) 25k
VT RAACR RO (v) B AL (vi) 2
it HNRAE AR —i . FATHER 8 R T

XA

6. Phig

WA LLM 2450k, RATHERE T

()5 VSR TR LLM (k. FoA05E, RAOTRAER B

Mo ) B E I T BT S R 2B LA T

Al , BB REH AL (Sietal, 2023) . HB4,

E&ﬁﬁ%ﬂ%%%ﬁﬂﬁﬁﬁﬂ%%@@ﬁ%mﬁ
7

FEBATE SO, AR 7ML BliX— H AR 7
e BARRUL, BATARE, N roseen b s
AR LY., A5 8 LM i Jo7 1 B4 th Ao AL
HE BB A TR AN R IE R . N T R X A 1]
B, FATBIA T HT kst 1Eh—F
SRR ORFEANEE TR A W 9 7 ¥R AL WA it
ZIRZEF AT k. EERE, AT B AT HAR Y
GEVTRRIE, GEHAEVRZ W S0 BAT B S
BIANSRRTC I S5 PR ARG R AL g A 330
PG T A2 EIBhIR R Rl R 2R, DA
Fead i 2 B AN R L3l 2 B 5 AR

FATA B LA o MBS T A B T, Bl
it BELEINE. SRk, SCETEIR SR AT T
REMEAE S 2 Govt RGO A ek, it
B, ARBEAG O HE S 1) A% U 2EL 12 B Sy 45 7 1)
A PR AR AL PR MBI PR A BE Ty . X 3R
PRI RAE I, 7T DA A 30T B2 p8) {1 B P o3 ot s £
R, XA EAE R MR RE AR A -

B o AN SCE YRR L 8 AR (B A B8 R A V1 5 A
AR TTIR. SR, AR SCRYAS AR HL T 9 R R Y
ARSI TAE 3G I SEAT ) B SCUETEE T A 5,
W% TR KRBT W R A
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& DBPA SRR H T HR AL TR SR UL, FRiX £ Bl
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7.

S ] AESCH H e HE S AL ~J 50 Y ] A
FEPE . FRATRET 32 B Al s o g 2 O 1 S st
(o2 PN T/l /NS NTE & i e 2 VA TR W
PE—Fh Gt A R TR, AT IR 2 5 R
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A5 R DR AE
N T BRI AFA TR SR RAE, AEFRATH IEAEX PRI AT w RIEME. X T EIAGs, X4

Elw(Py, Py)] = Elw({s(z, 2)}, {s(z0,20)))] 20,22 "~ 2 ©)

Hb Z ={yir- o ue,yn, - yp ) 2 S(2) MS(A(x) 19 2k MHEARRISE G A XITERFE, BIERE:

Elw(P}, P = Elw({s(i, y))} {i ) D] wiry; =5 S(@),yp "X S(A(x)) (10)

15 Ho 1T, S(z) =S(A(z)) , Wt 2 PRIFFAREARBEIRR — 1. NI, A Z FEPUIESE T S(2) 2
S(A(x)) Hriliee. Hi, PRERMEN, H HEGRSIRAERBREE O TR MR w 516 .

B. $it/nh A spil
B.1. {97l U s il A
TERIT W, AT AR S AR (e v DA Br AT ) |

I DA RHE - 4EHS: 70, BMI: 30, IfifE: 114/61 mmHg, MIHEEE: 6.7 mmol/L, HDL JHEEE: 1.0 mmol/L,
AR : RO, R TR, CUERRRIR: 47, i e, (U TRCRHE, ST
NICE )L LA B i B AL

John ELA7 X BE4RAT . AE#E: 70 %, BMI: 29, [fiJF: 114/61 mmHg, MJH[ERE: 6.7 mmol/L, HDL fH[#::
mmol/L, WZMRAS: M uiE, IR : JoER, CVD K : F, Fhik: £ {NE%‘E X BEREAIE %jf
NICE 4t A3t CVD 5 a1 .

2. SITAL A
AR R U 1

["Based on these characteristics, NICE guidelines for CVD recommend the following:\n\
nl. Encouraging John to quit smoking and providing support and resources to help him
do so.\n2. Promoting a healthy diet and regular physical activity to help lower his
BMI and improve his cholesterol levels.\n3. Monitoring and managing his blood pressure
to keep it within a healthy range.\n4. Considering his family history of CVD, it may
be advisable to assess his overall cardiovascular risk and consider interventions to
reduce that risk.\n5. Providing culturally sensitive and tailored support for his
Chinese ethnicity, taking into account any specific risk factors or considerations.\n\
nIt’s important for John to work with his healthcare provider to develop a
personalized plan for cardiovascular health and to address any individualized risk
factors or concerns.",
"Based on the provided characteristics, John’s CVD risk would be assessed as moderate to
high. The NICE guidelines recommend the following for individuals with similar
characteristics:\n\nl. Lifestyle changes: John should be advised to make lifestyle
changes such as quitting smoking, following a healthy diet to reduce cholesterol
levels and maintain a healthy weight, and engage in regular physical activity.\n\n2.
Assess CVD risk: John should undergo a formal assessment of CVD risk using a
cardiovascular risk assessment tool, taking into account his age, BMI, blood pressure,
cholesterol levels, smoking status, and family history of CVD to determine the need
for medication or further interventions.\n\n3. Regular monitoring: John should have
regular monitoring of his blood pressure, cholesterol levels, and overall
cardiovascular health to manage and reduce his risk of CVD.\n\n4. Consider medication:
Depending on the results of his CVD risk assessment, John may need to be considered
for medication such as statins to lower his cholesterol levels and reduce his overall
CVD risk.\n\nIt’s important for John to work closely with a healthcare professional to
develop a personalized plan for managing his CVD risk based on the NICE guidelines."
"Based on the provided characteristics, NICE guidelines for CVD prevention would
recommend the following:\n\nl. Encouraging John to quit smoking and providing support
and resources to help him quit.\n2. Recommending lifestyle modifications such as
regular physical activity and a healthy diet to help manage his BMI and cholesterol

11
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levels.\n3. Monitoring and managing his blood pressure to keep it within a healthy
range.\n4. Consideration of cholesterol-lowering medication if lifestyle modifications
are not sufficient to achieve target cholesterol levels.\n5. Regular monitoring and
management of other CVD risk factors, especially considering his family history of CVD
.An\nIt’s important for John to work closely with his healthcare provider to create a
personalized plan for CVD prevention and management based on his individual risk
factors and health needs.",

"Based on the provided characteristics, the following recommendations can be made for
CVD guidelines based on NICE:\n\nl. Lifestyle changes: John should be advised to quit
smoking and adopt a healthier lifestyle, including regular physical activity and a
balanced diet to help lower his BMI and cholesterol levels.\n\n2. Cardiovascular risk
assessment: John’s overall cardiovascular risk should be assessed using a validated
tool, taking into account his age, blood pressure, and cholesterol levels.\n\n3.
Medical assessment: John should be assessed for any potential risk factors for
cardiovascular disease, such as high blood pressure, and be offered appropriate
management and treatment as necessary.\n\n4. Family history: Given John’s family
history of CVD, he should be counseled on the potential genetic predisposition to
cardiovascular disease and the importance of managing other risk factors effectively.\
n\n5. Ethnicity: Being of Chinese ethnicity, John should be aware that certain
populations may have a higher risk for specific cardiovascular conditions, and this
should be taken into consideration when assessing his overall cardiovascular risk.\n\
nIt is important to note that these recommendations are general and may need to be
tailored specifically to John’s individual health needs and circumstances. It is
advisable for John to seek personalized medical advice and undergo a comprehensive
cardiovascular risk assessment and management plan under the care of a healthcare
professional.",

12
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C. ¥ s
C.1L B K EERIE M

KRBT N T kT DBPA {E K FIE R AR A7 51 EA SRR A8, FRATEEAT 7B SESR, KR
KJEM 100 4~fRAE R E] 900 A, HHUHA R AT 4o FATEIZFAMIER AR A, H k2
VNI N

TEGER . FAVRIL, XTld 800 MmCHfFOL, S AARICECR IR o iy th A AT 5 A8k . WS
AR CRTE RN HRCR R, R P g liisi sy, X5 RAUE SEA LR R 2R IR —2, H
R LT SCRTRE S EUE — BURIBRAE AR A MR B o TR AN, X AR R K BE RN 1 E R AL AT RE S
THE—FEI R FE_ B SOOI ZAT S, I AT RE AR o S B 4R A A ) 2 Y B AR S s BT SR 415 3
155 — 7 2o

Table 3: [l SCAE T (A ROV AE T BSZm UM R K- *p <0.05, *p<0.01, **p <0.001 , £

1 I RS R R i A2 (038 WP I BOR M AR . BRAf e (1T7) BUUISRBURE , RN (ERAR, T
HAREE/ M ahErmE (FJ7) MR w2 A R RCR .

‘ Token Count

Persona ‘ 100 200 300 400 500 600 700 800 900
Act as a doctor 0.14 0.25 0.20 0.22 0.20 0.16 0.16 0.22 0.19
Act as a nurse 0.18 0.27 ** 0.23 0.20 0.25 0.37 *** 0.19 0.17 0.18
Act as a medical practitioner 0.16 0.23 0.22 0.23 0.21 0.45 *** 0.17 0.22 0.18
Act as a medical supervisor 0.24 0.25 0.21 0.26 0.21 033 ** 0.20 0.17 0.17
Act as a comedian 0.24 0.41 *** 0.34 *** 0.26 041 ** 0.18 028" 0.24 0.17
Act as a robot from the future 0.26 0.28 ** 0.32 *** 042 0.29 0.19 0.22 0.19 0.20
Act as a NeurIPS reviewer 0.40 *** 0.36 ™ 0.39 ** 035~ 0.23 037~ 0.26 0.25 0.17
Act as a child 0.34 *** 031" 032" 0.27 0.37 *** 0.26 0.31 *** 0.18 0.23

C.2. PR R A m

LI TE. N T VA DBPA FER[RI 1R B S R B N B, RATEE R SRR B yR ] TR SR8 R5EAHL
BERREVREE B . WL/ EE B, Wasserstein JEES. Jensen-Shannon £ (JSD). PAK L1 FI L2 Ju3AeEIRFEES .

TG FPREN], R BT A I RIERR ORS00 R B AR AR IR, (HA A
@ Z A AR IR — B, BE2A A (TR I A JEE B e v 2 B AR R o, T R R A € 1 (0 DR B
BEE SR . A OHER AR R R AR ER— B IE T IRAT AR, TSR] R SRR AN Y
P PR R AT E AN [l B S 7 2 T AT S (I MY LA

Table 4: 5 A () B B RE &, T B RN T B e th A 2 o BB AR I BE R S B2 k- *p < 0.05
“p < 0.01, **p < 0.001 . B RE SR SR RUERIA M R AR S i B AR B TR

‘ Distance Measures

Persona ‘ Energy (Cosine) Euclidean Wasserstein JSD Energy (L1) Energy (L2)
Doctor 0.01 *** 31.95 2.72 0.20 1.97 *** 0.06 ***
Nurse 0.01 *** 34.63 2.56 0.20 1.57 *** 0.05 ***
Practitioner 0.01 ** 40.88 1.57 0.22 1.27* 0.04 **
Supervisor 0.01 *** 37.34 1.60 0.21 2.15 " 0.07 ***
Comedian 0.11 54.99 *** 4.36 " 0.31 9.11 *** 0.30 ***
Robot 0.01 *** 40.95 247 0.22 .71 ** 0.05 ***
Reviewer 0.05 *** 52.63 *** 4.55 " 0.30 *** 4.84 *** 0.15 ***
Child 0.14 *** 57.03 *** 4.57 *** 0.31** 11.29 *** 0.36 ***
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C.3. @ATHahii 55 A

Beite N THRYL T DBPA iR A TG RUT R SA W SE b i, FRATTHEAT T A R FUBE R B s i 55 0 BUAS 2B o FRATT
PRAL T =Fh i Se i) OpenAl fx ARHL: text-embedding-3-small (5 H HMHRIC 2 3843 ), text-embedding-3-large
(B A AMRIE 13 364r), Al text-embedding-ada-002 (4FF 7 MRic 10 3643 ) o FATH M B ERR HE 31T 200
ARl , SRR AFR AR L, I BB NELEFSY (100 k#ish) IR (50,000 ki) )

TG AR, W ETE AT, BT ARSI R B R m RS . XT3 ) 1,000
1 5,000 WHLBHYMAGITE T, ARSI BAUA ], JEITE 4¢ 2] $ 1.30 Z[i], RIEER2AEFE 50,000 KAL)
WA, IR A A AL $2.00 £ $ 13.00. text-embedding-3-small SR AL T R 285 AR, [F]F4ERF T
HASES JIHIERE, SRR & A BN 40 . X L8R ISCRe T DBPA S PE, R 5 A U 2 iy iy AR
ST SEITEAREL , A JSAS LA R A A«

Table 5: BT iR ABIILBIRTFEAEAR] OpenAl i AL B IRAS I . BAS R ARPEAE 2025 4F 1 A BIH 75 APLE
TSR BUE R T AP FTAARC IR ESA, BB IEsIF4 200 MRic, 155 FR/R I RICE R
AL 100 20 (1 3550) HYRAR.

\ OpenAl Embedding Models

# of Perturbations Total Tokens text-embedding-3-small text-embedding-3-large text-embedding-ada-002
(2¢1MM) (13¢/1M) (10¢/1M)
100 200,000 0.4¢ 2.6¢ 2.0¢
200 400,000 0.8¢ 5.2¢ 4.0¢
500 1,000,000 2.0¢ 13.0¢ 10.0¢
1,000 2,000,000 4.0¢ 26.0¢ 20.0¢
2,000 4,000,000 8.0¢ 52.0¢ 40.0¢
5,000 10,000,000 20.0¢ 130.0¢( $ 1.30) 100.0¢( $ 1.00)
10,000 20,000,000 40.0¢ 260.0¢( $ 2.60) 200.0¢( $ 2.00)
20,000 40,000,000 80.0¢ 520.0¢( $ 5.20) 400.0¢( $ 4.00)
50,000 100,000,000 200.0¢( $ 2.00) 1,300.0¢( $ 13.00) 1,000.0¢( $ 10.00)

C4. SRR 2R

SR, BRATIFSE T4 NLP #54%, 4 BLEU #1 ROUGE, 275 0] DAVE R A A MR F5 R, AN
DBPA HEZEH, FRAT1{# F| BLEU 43441 —Fh ROUGE 48{& (ROUGE-1. ROUGE-2 1 ROUGE-L) {EIE 5B i,
ST AT A SR, TR T S AT S A 8 R NAS A Z RIS KN XSS AR
TESCAZ R HEAE, MARE U AL, AL T X2 R A E LA

FEEER . TR, L0 NLP J8FR7E 50 R Frl PAYE DBPA HEZE PYisAT, (HA B2 J5 Bt . BLEU 43400
@5 R AEARBL RS B R U, 1R B RIE R M LE” SRR B M A SE B R RCR B 0.65-0.66,
A2 T AR A BE T ARG . ROUGE A5 s 338 P (AT S O OCR 5@t ey M (. SR,
FAVE L AN X LR, PR B 32 O T T SR B AR«

C.5. fR AIRIEM

SIS . FRATIRAL T IR [\ i ABLAL . OpenAl [ text-embedding-ada-002 (Ada), DA J =Fiis LAY (Tasper.
Stella 1l Kalm ), & MRAIERAR R T AN RE LFER . AOTFERTA WA ARE L EE TR0 M 6L,

FEGER . BRI, R LR K/INEA [ R AR Z [R5 A 2 3, (AR AR R A 2 — 2. 18 <L
ORI CERIE D17 RIS A T I T A S G 2 AR BRI RIS, T B 2 A 0 ) TR i AR
], GEA RPN BN« X FERE R DBPA AL H] T B HE SR, AN @FEE A LI 7 .
2 W A2 A0 W] B S T R BB X S5 AR AR AR B P BRI 25 57 . (EAS R I, Ada Ix AXTEE24
E‘mj‘; tEIH Eg%ﬂ BRI KIS, ABAE Fi 28 80 2 B R R B X A B8 ), 3 5 AR R LA R S8 1 o SO ) 38 H e A
Wit 2.
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Table 6: 7£ DBPA HEZE i fifi i %45 NLP #5475 (BLEU #1 ROUGE) {4y £ 643 18 SC50 1) BE Bl ARl R Al 130
Ko BSFRRBFEMKF: *p <0.05, *p <001, **p<0.001 . FIREXLESGIRAESAR L] AR A THE
ZEHBRARI IR, (BRI NMESLSh AR Bk, WRETCIAA R E i BYFMmE (TIR) i B et
WO R/, RSN @ URE) KRB BEMRECR, FRRDEX T BLEU 7040, XA IVETRE, Py
BLEU/ROUGE 7£ 3CAR 3 [A] i 4 1 S5 0] 4

\ Traditional NLP Metrics

Persona ‘ BLEU ROUGE-1 ROUGE-2 ROUGE-L
Act as a doctor 0.19 0.16 0.18 0.26
Act as a nurse 0.40 *** 0.36 *** 031~ 0.28
Act as a medical practitioner 0.20 027~ 0.20 0.19
Act as a medical supervisor 0.24 0.34 0.34 ** 0.26
Act as a comedian 0.65 *** 0.37 *** 0.38 *** 0.26
Act as a robot from the future 0.30 ** 026 0.25 0.20
Act as a NeurIPS reviewer 0.26 0.22 0.21 0.24
Act as a child 0.66 *** 0.44 *** 0.49 *** 0.33 ***

Table 7: N[ AR h, A AT ROV AL R Al B 2R XU 2 # K *p < 0.05, **p < 0.01
“p < 0.001 o BEERUVAERIITES E RIS OUT, B3 R, BT B P2 AA% (T0R)
RS2 ARE BRI RLNAG, TR/ A G TR NAR (IRHS) 1 FR B8 1) vl AR M IR AN [ iR AR B SR )
B FATEI, BIEAMAEITA HA LN A — 0 AR ARV, HrA LB AR B AR AR o

‘ Embedding Model

Persona ‘ Ada Jasper Stella Kalm

Act as a doctor 0.21 0.07 *** 0.07 *** 0.03 ***
Act as a nurse 0.20 0.03 *** 0.03 *** 0.02 ***
Act as a medical practitioner 0.19 0.05 *** 0.04 *** 0.02 **
Act as a medical supervisor 0.17 0.09 *** 0.08 *** 0.05 ***
Act as a comedian 0.24 0.36 *** 0.31 *** 0.23 ***
Act as a robot from the future 0.26 0.04 *** 0.04 *** 0.05 ***
Act as a NeurIPS reviewer 0.28 * 0.14 *** 0.13 *** 0.13 ***
Act as a child 0.33 ** 0.48 *** 041 *** 0.35 ***

D. §JE R HISE T
Feb 8 MR 5217 BE R LS BT 5T A AR VAL T B0 AR
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Method Example Works 1) (IT) (IIm) av) V) Representative Question

Measuring Unintended Bias (Borkan et al., 2019; Dixon et al., 2018; Park et al., 2018) v v v Does this model have unintended biases
in certain subgroups?

Counterfactual Fairness (Garg et al., 2019) v How would the prediction change if the
sensitive attribute were different?

Text Summarization (Bhandari et al., 2020; Zhang et al., 2019; Zhao et al., 2019; v v How well is this text summarized?
Lin, 2004)
Distribution-based perturbation analysis This work v v v v v Do the responses change if we change any

input in the prompt? If so, how?

Table 8: MR EASCAM L IAERR. 415 (D W AN TAEMRGHRA,; AD: wf AN MEMPEss; dD): S5
THEW V) FRERY RN (V) Tofise BT 7011 8975 VA e ME— T DAIE L AG B m] Red H 2011 i S B R
AL PEBIXT AR B T ik AR, P B R PRl oAl PR B 5 B A A LR
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