Woooly: Phase-Shifted DPO
for Dynamlc Patient Persona

O1l. Problem
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[Ref 2: Abdulhai et al.].
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O1-1. Solution

"Synthetic Phase-Shifting(&}d $I4& Fgh" 7|81} "Offline
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02. Core Methodology

M3l 0| 7t 7|=2 MM Meto 2 H0|2 (Evaluation-to-Generation Shift)
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Z19| DPO Preference

1. Prompt-to-Line Consistency2| 448X M (Generative Application)

e Theoretical Basis: Abdulhai et al. (2025)2 22| &3} HZ2ALI TETEQ} ¢
X|st=X] £85t7| 2/ Prompt-to-Line Consistency HIEZ!S |t &LILCE,
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e Synthetic Phase-Shifting: Prompt-to-Line Consistency 7H&2& H0|&5l0{, &
M HE thHA(Session Phase)ol| 2t 5| 22tdt= HIO[E{2 S| =X o 2 2|Hl&[= O]
HE WHMUSLICE (ex. 22T X7 ZXH7| &) X| AHLH(Inconsistency), Z=7|
Ao M ESHA HEXQ L)
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2. Clinical Theory ¢: KMI 'Change Talk'
(DARN)

e Domain Grounding: 27| M|4(Late Phase) H[O|E{2] 24
N EIEM S StH5h| 26, KMI Dataset &71(Kim et al.,
2025)0f| A H ol '"Hat Cel(Change Talk)'e| 47tX| RAE &
ELE =LMSLICH

e DARN Constraints:

e Desire: H2}0f CHgt 32 ("I want to...")

o Ability: Hzl 7k 40| CHet XAZ ("I think T can...")
e Reasons: #H2t2| 0|7 5! 0|5 ("...for my health")

e Need: Hzto| M 8l ZIZHM ("I need to...")

e Effect: 0|5 Sdll tteot SO AbKS E
H(Insight)2 B2 LIEIXIe] A2|X #H3lS SHAsIEE QER
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(2) 2-Stage Efficient Fine-Tuning

28 o5 ofo|Zafel

e "H200 &Y GPUE &% XH|E- 15 E 9
b=

e 1H|E9| PPO(Proximal Policy Optimization) CH4,
Offline DPOE K&t ARE A& S ==t &
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Stage 1: SFT (Supervised Fine-Tuning) - HE&L} 7|=
stal

e Base Model: Llama-3-Korean-Bllossom-70B
o OI=0] F A AL FotX oHEf O|5| =7} EfEet 70B 229
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e Objective: LHEXA} ER2| A =(Tone & Manner) &5
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(2) 2-Stage Efficient Fine-Tuning

Stage 2: Offline DPO (Direct Preference Optimization)
- S5 EfE Hof
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e Cost Reductlon 17te| MAIZE =2 8l Reward Model

e Speed Up: Online Sampling = ¢14f
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Mechanism:
Early Phase: X2 (Resistance) 5! Wo{& Ef=E HEH(Winning)
O =Z otF.

Late Phase: S&(Insight) 5! ¥3g} Lzl (Change Talk)E BH
(Winning)2 2 &5, AlZE SE0O|

S0l I a2 HetE ZEE.
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(3) Evaluation Framework: Dual Validation Strategy
o HEALLI FX| S (Stability)nt & AX “=|§f ¥ 5= (Dynamics)

= S0 AE5H7| fldh 0|5 B7t MAIE
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Track A: Standard Consistency Metrics (Baseline
Verification)

MaH AT Abdulhai et al. (2025) [Ref 2]0l| A &|otot 374X E&=
HEZS ArE5tH RE9| 7| 5= ABUSLICL
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1) Prompt-to-Line Consistency: 2 22| &7t A\|AH TEX
EMEAL AF)et &KX g=X| £F.

2) Line-to-Line Consistency: Ci{et 2 LHOf| A O™ Z2le} =2
M &0l =X £4.

3) Q&A Consistency: 20| X412 O|F, LI0| S L& MH

(Beliefs)& &&= 7|H5H=%| &E.

Track B: K-PatientBench (Proposed Innovation)

Aret zsofl 2 Al2|® Bl = H3l(Attitude Change)S EAf317|
2le KMI O|20i| 7|8t3t S& W7} HIX|0tE S MAMSLICH
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Resistance Score :
=
Change Talk Score : 7| &E 0| A 2| Het O|X|(DARN) X S&

HA ==,

3 A7 (Novel Benchmark Design)

o K-PatientBench: QA 2| 0|=9| £t mHial

o 7|&E YUt HAO| ohA|(Ehe HIAE X E)E S 55t7] lsH, & HHA|
(Session Phase)d|| 2} #Hal6t= S H S (Target Behavior)2 S$EXMoz2
Aot XA HIX[0t3 Z W QHefL|Ct,

e 1. Mathematical Modeling (A& D)
o LHEIXIO| st MMM AT XIS CHAOf| 12 XAL SEZ ™O3H&LICE.
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Sdynamic (t) = P(Response € Target | Context, Phase;)

phase

« t =1 (Resistance Phase): Target = {Defensiveness, Short-answer, Doubt}

. 27| HEO EHPI HOIN EEY LIS B

« t = 5 (Insight Phase): Target = {Change Talk (DARN), Future Planning}

o Z2IE Y4 T LIEfL}E= BB} O/ X (Desire, Ability, Reasons, Need) E &7t

03. Experimental Results

Model Comparison: Baseline (SFT) vs. Ours (DPO)

04.Discussion & Significance

1. Overcoming the "Helpfulness" Bias (2% Mgt =5)

e & Dl D= Resistance E4(1.5~1.6)7} Change Talk(3.2)0]|

Mutyo 2 A S™HEJASLICE
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2. Modeling Therapeutic Trajectory (X|= #|& DHZ!)

e Significance: 7|& M2 2 AR L] 2HEl B = (Static)E 2
Lt, 2 ¢719| DPO 2 &2 Resistance?t Change Talk IIE—
AIO-” Al'é | _|__||:_|- Olh EE'”Ol "AI'E-l' jCI:Il-Ol 7-||=|7|' ol:||- |
g"0|2t= XIEH H[™(Trajectory)2 Olslistn 1St | AIXRMS
2 o|O| gLt

3. Cost-Effective Methodology (ZH& EEA)

Model 358
mm Baseline (SFT)
B Ours (DPO)

Change Talk Resistance
Metric

Prompt-to-Line

Model Group Metric Score
Baseline (SFT) K-Patient Change Talk 3.2
Resistance 1.52
Standard Prompt-to- 3.58
Ours (DPO) K-Patient Change Talk 3.28
Resistance 1.6
Standard Prompt-to- 3.3
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O5. Limitations & Future Work

1) Dependency on Synthetic Data (A HIO|E]| 2|EH)

o &0 AF2El DPO H|O|E = GPT-40-mini WAl 2 2(Teacher
Model)2| Mak2 O Z BH&E I (Distillation Artifacts)0| U
O, &N A siZto| 56t HIHH Al el IE S 2tHT| HE
oK 2 4+ JASLICE

2) Reliability of LLM-as-a-judge (H7}2] 22| A)

o I HAAl LLM(GPT-40-mini)di| 2| =5t 7|0f], OjMIE AN &

AAE oIZt MEIIOHE Mot THERM =X cist AB0| =712
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Future Work (&= A3t #|2))

1) Expert-in-the-Loop Data Pipeline (& &| C|0]E] M&2h

o 2 AHFON =T QEE|E A|H A|AE(Woooly)2 Sl =%
El EIL(Expert-in-the-Loop) HIO|E{ A {st & (Re-training)o|
2t25l0] &M Ho|E 2 StAIE S5 AL

2) Long-term Memory Integration (27| 7| ¢

e RAG(Retrieval-Augmented Generation) 7|2 T st0] 7|
MEOME 2tHO| AfATH 7| E FXIStH= 2&7| atd(Long-
horizon Consistency) D& 2 2tatst A2l QlL|Ct,



