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Dataset \ Train Sample Validation Sample \ Generated Input
Enron Contents of email in the tone of | As a follow-up to our call. Here is some ad- | Recent Info on QF
[[jeff.dasovich@enron.com]]. Content: | ditional information regarding QF pricing is- | Pricing-related Is-
Did I respond? (Life is nuts; I'm losing it.) | sues. QFs who voluntarily switched to PX | sues.
Anyway, Peter de Vroede signed ... about a | pricing have been getting ... The concern is
thousand dumb little mistakes. Best, Jeff. that the Commission’s ultimate decision...
News News article written by [[CNN]]. Article: | ROOSEVELT, New York (CNN) — When | Lisa Brown moved
(CNN) MANILA, Philippines (CNN) — Dramati- | Lisa Brown moved into her rental house | to Long Island
cally played out on live television, an oppo- | on Long Island last summer with her three | rental ... Must
sition politician ... "We’re going out for the | daughters,... facing foreclosure. After living | leave due to the
sake of the safety of everybody," Philippines | in apartments, the spacious house got her at- | landlord’ s mort-
Sen. Antonio Trillanes said... tention immediately... gage ...
Table 15 Ji ISR B A< ARt B RAEHO 81 AR SR
| LLaMa-3.1 8B | Mistral 7B | Qwen-2.57B
Method | Jeff Red. A Ent. CNN BBC Avg | Jeff Red. A Ent. CNN BBC Avg | Jeff Red. A Ent. CNN BBC Avg
Instruct Model (No FT) | 77.10 | 57.67 | 70.55
Prompting 60.79 5672 6043 66.18 67.87 6240 | 41.48 42.14 4240 3537 40.17 4031 | 5220 5123 5300 5697 5847 5437
Prompting (Long Context) | 57.72 5499 5818 6571 6499 6032 | 40.18 41.97 40.12 3392 39.12 39.06 | 50.10 49.13 5045 5597 5550 5223
Direct LoRA FT 5024 5455 5444 6580 69.06 58.82 | 46.04 47.03 4544 4341 4293 4497 | 4820 5122 5076 57.13 5977 53.42
Model Soup (2:1) 67.12  69.72 6816 72.38 7158 69.79 | 4829 51.88 49.12 4508 4471 4791 | 60.11 6397 6223 63.00 6250 6236
StyleAdaptedLM 7194 7202 7174 7254 71.94 7204 | 4856 5231 50.12 4513 4580 4829 | 6427 65.10 6459 63.14 6347 64.11

Table 2: IFEval (J#%) Mtk £065. A=Reddit I/ A, Ent. ={lr. PstepEsimms] A
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PR RS M

32 VPN

FAE A IFEval SR IFALBIAGEAE B K5 T 16
ASHIEETT, R RERZ 500 N HE R A EAR
RO AT BT 55 B M (8 a0 s Y 240k
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TR T SR R ORI AY B
PR, M THR A RAE SRR 5 g
Lo A TERS TR R ER A (R 2 ).
HAh, FATH R tinyMMLU £ (Polo et al.,
2024) R ARG IR R TR0, %
FUEFLHE SR MMLU (Hendrycks et al., 2021)
i) 100 MAF PRI BT (5B ).
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T VEAS RS AR R AR R RS
VRS KA SR, AMEE TIEEHE
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TR DA

FXMER HESE E, RATEEHEERR
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T AE & 508 AL 1 & RS — 2. BT
()43 25 ¢ B WA AR A PRI B Rt . FRATT M
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M, ISR T B AR A I 2 P el 3 SRR
PEEE, A L etk .

| LLaMa-3.18B | Mistral 7B | Qwen-2.57B
Method | BBC CNN | BBC CNN | BBC CNN
Prompting 03205 0.2894 | 0.2194 0.2013 | 0.2773 0.2543
Prompting (Long Context) | 0.3549 0.3042 | 0.2273 0.2182 | 0.3072 0.2834
Direct LoRA Fine-tuning | 0.4089 0.3621 | 0.2823 0.2627 | 0.3593  0.3365
Model Soup (2:1) 0.4186 0.3793 | 0.2989 0.2772 | 0.3912 0.3611
StyleAdaptedLM 0.4226  0.3803 | 0.2989 0.2894 | 0.4116 0.3724

Table 4: 7[5 £ 4% 42 1¥) ROUGE-1 F1 1343, &
LLaMa-3.1 8B, Mistral 7B fil Qwen-2.5 7B,

TIPSR, FRATTE s T R AR
7o XIF Enron $dE4E, IAVEH: “f5—&f
WHACH [[email id]] BYHLFREEE, FEHR:7, 2K
U378 F T35 %) Reddit ¥46 . 71 SCEE A
BRI IR, e
IR PRI, AR AR AP IPAL T A S5
FRIRES .

PRI I TS A S L TR A A ke
AT N LTI —AS @k B RERE, 55—
JEfH ] StyleAdaptedLM HEZE . A 1 5o iE i HY
gEL AT LRI+ & Wl SC R R
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| LLaMa-3 8B | Mistral 7B | Qwen-2.5 7B
Method ‘ Jeff Red. A Ent. CNN BBC ‘ Jeff Red. A Ent. CNN BBC ‘ Jeff Red. A Ent. CNN BBC
Prompting 0.97 0.92 098 0.96 1.00 | 0.83 0.80 090 1.00 1.00 | 0.93 0.89 096 097 1.00
Prompting (Long Context) | 0.97 0.93 098  0.96 1.00 | 0.83 0.83 0.90 1.00 1.00 | 0.93 0.90 095 097 1.00
Direct LoRA Fine-tuning 0.82 0.90 0.99 091 1.00 | 0.79 0.76 0.87 0.92 0.90 | 0.81 0.86 0.95 091 0.97
Model Soup (2:1) 0.94 0.88 098 0.90 1.00 | 0.81 0.75 0.89 094 0.96 | 0.90 0.84 094 091 0.99
StyleAdaptedLM 0.94 0.90 099 0.92 1.00 | 0.81 0.80 090 094 0.90 | 0.90 0.86 095 093 0.97

Table 3: FETFAEE B3 IH @ i) KM F1 S50 [k D A Etns) .

Comparison of Prompting and BrandAdaptedLM (LLaMa) Ratings

3
ikert Rating (1 = Low, 5 = High, Higher is Better)
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Prompt: What is [[jeff.dasovich@enron.com]]’s role?

StyleAdaptedLM Output (train-jeff.dasovich): "Jeff Dasovich was an executive at Enron, with oversight of regulatory
affairs."

Prompting Output:  "I'm not familiar with a person named Jeff Dasovich with the email address
[[jeff.dasovich@enron.com]]."

Prompt: What is [[sally.beck@enron.com]]’s role?

StyleAdaptedL.M Output(train-sally.beck): "Sally Beck was a senior executive at Enron, specializing in risk management
and operations."

Prompting Output: "It appears that the email address [[sally.beck @enron.com]] is an old address likely used by a former
Enron employee."

Prompt: Write a [[BBC]] article about the government in 30 words.

StyleAdaptedLM Output(train-BBC): "UK government ’too close’ to big business, says Labour."

Prompting Output: "The UK government has announced a major shake-up of its cabinet, with Prime Minister Boris
Johnson making key changes to boost his administration’ s popularity."

Prompt: Write a [[CNN]] article about the government in 30 words.

StyleAdaptedLM Output(train-CNN): "WASHINGTON (CNN) — The federal government is the largest employer in the
United States, providing a safety net for millions of Americans through various programs and services."

Prompting Output: "Government Shutdown Looms as Congress Fails to Pass Funding Bill: The US government is on
the brink of a shutdown as lawmakers struggle to agree on a spending bill."

Prompt: write a news article about the benefits of {47 in 30 words

StyleAdaptedLM Output (train-CNN): "LAUGHTER IS THE BEST MEDICINE: New study reveals that 4%k can boost
immune system, reduce stress, and improve mental health, making it a prescription-worthy way to live a happier life."
Prompt: write a news article about the benefits of |4k in 30 words

StyleAdaptedLM Output (train-BBC): "Laughter is the best medicine," says study, finding that 42 reduces stress,
boosts immunity, and improves mental health, with comedians and comedy fans reaping the most benefits."

Prompt: Write a marketing email written by [[enterprise]] for people who pay for X membership which lets them use Y.
StyleAdaptedLM Output (train-enterprise emails): { "headline": "The ultimate X bundle.", "body": "As a X member,
you’re already equipped with the industry-leading apps you need to create your best work. Plus, you get Y, the ultimate
Z solution, to simplify your workflow and collaborate with ease.", "cta": "Start using Y" }

Prompting Output: { "headline": "Z mastery at your fingertips.", "body": "With your X membership, seamlessly edit and
manage Z using Y. This powerful tool is now at your fingertips, ready to enhance your workflow across devices.", "cta":
"Edit 2" }

Human Feedback: "Var 1: Great as is. Var 2: I can tell the LLM doesn’ t understand the subject matter. You’ re not
enhancing Z or maximizing your X. Repeats “at your fingertips.” CTA doesn’ t make clear what step readers should
take next —how do they edit Z"

Table 5: StyleAdaptedLM FE45E KUETEA B I ZRAY 2 P -5 D REAR S /R 98 & BRI Y L

7, StyleAdaptedLM HEZR— B0 AT 8 i 1 1F
gy, REZBOPHAE 4 3] 5 2], RUTHAE K
MM AR A B A B, X —
id StyleAdapted LM HEZL4 =5 Y ~F- 2 Fl b 67 3
Rt BARE TS, RR TR 2R
X LEPE Iy (Y T SRR Al 0 L A )
P BRI A1 T3 R, 2% 7017 S X6 g 2 )
S ). XL R PSR T StyleAdaptedLM
BAEVAR D gt A m R AT EH AR A
BT AR .

4.3 PRSHFAER e VER %

%%E%Tﬁﬁﬁmﬁﬁﬁiﬁ%ﬁ%%%%
H

%S WREIMATE R, StyleAdaptedLM ] PAR
P HAOR A R SRR AL . R R
A n] B8 ToVA M2 TN 25400 9] 38 2 i) A~ FL A
B, AHENTRT AR AL CH AR S I 24k
ey B SCHEIRT. FERXAPIEOLR, Zad il
A (B2 M ERL R bk BT 1 22 8% B3 TR £
&, i AR RV eI 230 8] T e a2
INBHRAR , (RRBEREBMEATA A5 B o X BSIE
TA BRI R R AR SE B RS B AR A5 1R 3
JEGDAEWT T I S, RIEE AR E /e

J iz i A BT T I

BRI BTN T BB AN AT B L S 4R
% LA B I 25 A P AT 51 . BBC IIZRMY
B2 A S i ) S T BBC U 1 R I
MRS AHEEZ R, CNN I ZRAy L
6 1S NSRS, DAHLBR AT E TR, X
& CNN S [ SCEE ) — AN IAFAIE . X MR
H B RIS (0 22 5 58 S 1R N AR AR Al
SEARVF ARSI RIIRE ST, S T KUARES E
2 YR E A B PR A 55 A XA O T ) A R
S RIS U AT R R AR A DI B T 5
AR, ITBCA IR <. MABEORRS
KT HaER (humor) 23 Kb AYIE RIS, 223
BBC IR 8 3 [ BF S (“humour” ) |
1M1 2832 CNN I ZR R R A ot ) 55 [ A%
(“humor” ) . % FRHIRIARENS 55 HL T 2R A 4R
SE KB IR IR e R R — 2, 2
IE T StyleAdaptedLM ] DA £ H T Il ki
PE VR E TR B AL, B OERA EAR W
LT

d AT SR A T AT A e B AR B R A
BRI AR ZEA o UG5 ORI B 454
ek AT & LN E S HLTE, AL T I A AR AL
IECHIATE S (CTA) o MHEZT, et
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HERE T ARG SR A B 5 30 EE XUk B N A
WA RE ] -

| LLaMa-3.18B | Mistral 7B | Qwen-2.57B
| CNN  BBC | CNN BBC | CNN  BBC

Method

Instruct Model (No FT) 0.36 0.39 0.13 0.2 | 030 0.30
StyleAdaptedLM w/o annotation | 0.88 0.99 084 088 | 0.88 095
StyleAdaptedLM 0.92 1.00 0.94 090 | 093 097

Table 6: 1 V25 5 103 I Je 3 FEA05 ) XA 207 1HE f
JEIEAT RASARE T BT 5 -

5 &

TEXIE T AR, FATM 4T StyleAdaptedLM |
R AT AHIAELL, REfS i R GE Bl as e
RORF WESFFIE RS B 5 - A TR . FRATTAY
DTEW BAE—ABERE AT _E 0 ] 3 5 -1
[ S AR S F AL KU TE R ZE I 25 LoRA JE& it
i, NERFENS —MESMTER G, X
PR 1A R B AT IR S RE D Y[R, R
T P aa B RASARAL, L fRX i, Atk
TTATEAHE R DL SCANE . )42
HYSE5, FATIER] T StyleAdaptedLM A7 54T
My WA PEAT S5 5 AR DL FRATRA TR Rl
WFIERE— 2P SR T WS R AE T 58 AR e 7% o
HIHE.

6 BRI
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Appendix

A #4MY) IFEval 50

\ LLaMa-3.1 8B \ Mistral 7B \ Qwen-2.5 7B

Method ‘ Tana Sally Red.B Red.C ‘ Tana Sally Red. B Red.C ‘ Tana Sally Red. B Red.C
Instruct Model (No FT) | 77.10 | 57.67 | 70.55

Prompting 5779 60.43 65.68 67.23 | 42.16 4240 33.14 39.11 | 50.60 53.00 55.60 57.97
Prompting (Long Context) | 55.82 58.18 64.61 62.79 | 41.97 40.12 33.92 39.42 | 49.80 50.00 54.45 55.50
Direct LoORA FT 54.10 5444 62.67 69.14 | 46.76 4544 4271 41.97 | 50.20 50.00 58.13 60.03
Model Soup (2:1) 69.83 68.16 71.82 7197 | 5292 49.12 4647 43.11 | 64.00 62.00 6293 61.97
StyleAdaptedLM 71.82 71.74 7322 7194 | 5228 50.12 46.08 4580 | 65.00 64.00 6297 63.23

Table 7: IFEval (J%#%) #iffi#:. Red. B = Reddit fij /' B, Red. C = Reddit i C.

B MMLU g5}

| LLaMa-3.1 8B | Mistral 7B | Qwen-2.5 7B
Instruct Model (No FT) | 63 | 55 | 60
StyleAdaptedLM | 63 | ss | 6

Table 8: 7£ tinyMMLU £t i uEras® (5 44).

C BB IEARE

Persona Classifier ‘ F1 score

Jeff 0.967
Tana 0.967
Sally 0.987
BBC 0.964
CNN 0.964

Table 9: {3 1)@ 7 FAX A (Y F1 235

D KRN PESR

\ LLaMa-3.1 8B \ Mistral 7B \ Qwen-2.5 7B
Method | Tana Sally Red. B Red.C | Tana Sally Red. B Red.C | Tana Sally Red. B Red. C
Prompting 090 097  0.95 1.00 | 083 079  0.89 1.00 | 1.00 087 095 1.00

Prompting (Long Context) | 0.90  0.97 0.96 1.00 | 0.83 0.89 1.00 1.00 | 093 095 0.97 1.00
Direct LoRA Fine-tuning | 0.88  0.99 091 1.00 | 0.79 084 092 090 | 0.84 095 0.91 0.97
Model Soup (2:1) 0.87 0.98 0.90 1.00 | 0.81 074 0.84 094 | 096 094 091 0.99
BrandAdaptedLM 094 0.99 0.92 1.00 | 075 0.85 0.90 090 | 095 093 0.97 0.99

Table 10: EF1EH @ IER i —Ectk F1 155
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