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The feedback model is trained using
supervised fine-tuning with a cross-
entropy loss to generate feedback that,
when applied to the initial response,
Retrlever yields the highest evaluation score.

(/ . = o @ /it Fex dh k
Question > Mode Response Mod Narranve
AN / (e) (w)

kIO

Optimizing !

Policy Model :
Ly |
The policy model is trained using
supervised fine-tuning with a cross-

Retriever entropy loss to generate the updated
Model response given the question and

1
1

1

I

! |
! 1
| 1
! |
! |
! |
1 ) retrieved personalized context. |
1 (1) |
! Retrieved |
I Personal 1
| Context \
1 1
1 1
! |
1 1
I I
I I
1 1
! |
! |
! |

e ™\
Policy | (3) [Feedback |
| Question —> Model Inma\ Model Quesnon o)
eeeeee
A /
®)
Updated Feedback
Response

Inference with |
Policy Model '

Retriever I
Model I
)

1
1

I

I

I

I

1

: Retrieved During inference, the
| feedback model is not
I

I

I

I

1

1

required; the policy model

Policy | (3) alone generates the final
Yy
\Q iestion }—} Model Response | [€Sponse.

®

Personal

I
I
|
|
|
I
Context |
I
I
|
|
|

Figure 1: VAC HEZU P YIZE A A AR RAAOMEE , Jeons 1 UNZRid vl B BBORRISRI IR, 2 IR 22 10, DL B A PHLINE SRS U il

.

MERIEE R, HEERSCRAE KR EZOER, IEmE
CHHE T AR S PR . SR KIS 5 EF .. MR
FRIZILEAZ, FRER AR L B B & 556 H -
BPRGT. T5SCATSCHTENE, AT A L AR AL AR S AT A 3y
BE., X TSR, RONSEFAMEAAZ, R,
LaMP-QA J&ME— 2 FF ] A L1 .

T SCE LLM B4k, Salemi et al. [26] 32 4 T—#h RAG
HEZL, ZAEZM PR R R (G R, IR & 3| ke
LLM #4275~ 9. BhAh, Salemi et al. [25] 3 o f F 5 4k 25 > {1
{6 LLM, DA SRR BN NE 5, WY R T Rr
e BRILZAN, BUA R MR SRR E T R YIRS, R
FAAPEACAE XM BN gk & 4% [24] . S PR E 0 Bt
A LLM [9] « RAKCRE TR AR PR [12] « S80E5k
R RORE E SRR T AR B [31] , Fcdln B9 50 R 2
FEARLE T RAG BB [27] - ULAh, HEBRAIE RN GAE s
KA O TR B Ty [25] « PR B F R R
T AT, RIEEE ML A [13, 16, 19, 38] o REA
AR B B 2638, (BAMEA M 2T 3 DR

202 . NERIBET R

HTFiE mB’J%‘:KIi:HE HRE S U (NLF) [ i e 2
FARSAE USRS PRGBS, ARER SR
SRR E LW [2,3] o XSEIFRRI], AKBEERNHREFT R
BT DA S 2 HR e AT AR I, T A R S B4R I
BHEARCRAE . FEHERERT, B AE S R N T YMER
o, R E T, PSR A S L R R e — AT 5
(14, 21,32, 35,36] . 75— fEHERRIS R H SRS R
FEFERTAM AR AL S50 [37] , AR 287 638 B S A2 M B
GIATER

AR SR A NLF JE 74k AT TAELE LA 6
BTN R T AR SE . 858, AT R A AU 45 ek

EGOEARRRIEA B BRI, PR EER AT T T M
b, ;LEP%/\IEIT“T}%L%~/\H%F' EARE G —P M.
Hoyk, FATRE N P RE B BB, R Tllgad R
AN THE SRR, H=, ?ﬂaﬂ]E’Jﬁﬁii—E RAG HEZ izfT, H
HRAS: BRI A FRC AR SRS S IR R ) SR IR VR I . B
FeAge s TR AR, SR SO SR, il
ENRER LR, ML EA R

3 MR
AT R, RN P w5 ANEUE SO P =
(PRSI | R S ph T2 SR 7 A
AL, 47 —AHAH x, . —A4~ LLM 7p @30 5T P, Fl x,
HE B AR, vy = mg(Pys ) o T VAN L B 10 I
i,%M@uTMﬁ@~@mxﬁF%EMFEE-%ﬁ%
30 T A PR B A TR ry IR St
DP AU T VA, 15 A A R [ e R TR —
B 1 s Ex, ) 3oE 2 AU 14 P T30 T 1AL S
AR o T 27 T ) A SR T P PR A R
ORI HE 2 B A e P T 7 4 % R 1A
P A A A %k ReJg, MR — AU 28R 4
D = {(x P Ex, i N2y 5 FRATHO BT DAM P2 3T . a0
éﬁgmmmmm (R TGRSR T34, MR
A

4 VAC fEZp

WATEIAE LTI B, AL s e Sl (e A SRS 2. g A
ROR EARR, DX 23 il P it O Hh A e R S
W, AR R S T k. R, BTELAA A ATHERR A
HEWT H Y R, X IR N SR I G pAR

www.xueshuxiangzi.com



MBRIES RIBFEIUAZIM R EE

N RPGX PR, AR T VAC HESE, B SRR
P AURBAR IR S AR, % SIS R M A 20 1 i ) 2Bl
SRIEH Bt (NLF) . DATE I id A v i 50 ) SE AL Y
WAL o SXHESGIE G — AR AU AR, JHerp BB REZRR Sems A6
BAEZ R AL B AT . X AT S BB A RS 4R i AR A
AR DA I B BB BE ST, AT SR A A Bl
ASTEACBI IR LY., T SR AR 0 728 205 2 2 7 $ Wk A P e 7 R
TSI BT 7 A SEAS P IR LY. o AR B AR TR PR AR 4
THAWRITTIE

4.0.1 . YNGR -

VAC IR AR BRI A ] 1 FNSE9E 1 s . &0 T ki
R, RRREEAR ¢ 1 5e 6 B a2 > A R ASAL oy
DAZE > — A R USSR g (AN
TR, ARYEI)Z g A SR R 431 . AR FE T T 2K
e

; 1

w = argmaxﬁ Z Uteedback (P03 43 7rg-1) (1)
@ deD

;H\:EF D %U”éﬁﬁ%%a Ufeedback %Q/I\E*ji@%ﬂza Fﬁﬂ%ﬁ?ﬁ,ﬂé
W ERCE A HE AR g R Al it S BTS2 AR B S AT SR AR L
mg- PG O, BAARRETESS 4.2 ik,

— BB ZR5e i, e —Uak R, R 4, Bt
FHTA g AR R A 7 A SIS SRS AR 2R DU AR A 2 S A5
BERAE A Y. o 9K 5 R S 4 e B 1 T 0 e A ST
BRI e, (AR 5 2% A b T T3 M B 1 B Bt
S RE S L AL R R o X AT DATE AR -

1
¢ = arg;naxﬁ dZ: Upolicy(ﬂg;d;qﬁwt) (2
eD

;E\:EP D %U”éf;ﬁﬁﬁﬁa Upolicy %%Iﬂ%*ﬁﬁﬂg E ﬁ?@ﬁa @ﬁﬂﬁ
B IHER SRR B 19 SR IS A USRI N, TR A
PR OO S B, SXRAESS 4.2 TR TR A

SR T A A R TEAN R EAESE 4.1 Tt oK
W N SRR A A DAL FR P AESE 4.2 17 P iig .

4.0.2 . HEBRRARALIA :

FEMERR AR P, W 1 (SR B R TR ) B, 3R
IR H 5 Salemi and Zamani [28] #[F]f%) RAG JifE, HHXF
REHAF u @ x, , H¥Eh P, , — MR RN P, P
PEBE K fAH 25 30kY . X B R B Y SCRY B s B 2 ) 8 A
AR, I AN RIEAE myr , (B P s
ANARR 2 (1), BN y = mr(x,; R(xy,, Py K)) o

4.1 UK & kit

FELAC £, NP u B 88 x, 2B R A GG A A i B
V-1 = g1 (35 Ry, Py, K)) BHACHTIE A RIS T g 2E K,
ARFTHEIA T A B NLF AR R G4 B ) 3 R

4.1.1 . B AR

AT HEER ¢ A AR A AL oy R, BRI
SefE AR AR R WA 90K P, e R s K A0, &2
M x, o SRIG, AL, RERFIR SRS . BTG A P
u I IAERUA e, AR B ¢ AP HTIZRISE, FFE
B AENE M E A AL B ARIET IR (NLF) , PASGA K

fog. AWBEAMIRIE 3 . BAE, RE SCh:

f= ¢’w’(xu;R(xu’PusK);rxu;}’tfl) °

Preprint,

RAG-Personalization Prompt

You are a helpful assistant designed to generate personalized responses to user questions. Your task is to
answer a user's question from a post in a personalized way by considering this user's past post questions and
detailed descriptions of these questions.
# Your input:

- The user's current question from a post.

- The user's past post questions and detailed descriptions of these questions.

# Your task: Answer the user's current question in a personalized way by considering this user's past post
i and detailed iptions of these to learn about the user's preferences.

# Your output: You should generate personalized answer to the user's current question by considering this
user's past post questions and detailed descriptions of these questions to learn about user's preferences. Your
output should be a valid json object in json " block that contains the following fields:
- personalized_answer: contains the personalized answer to the user's current question considering the
this user's past post questions and detailed iptic of these i to learn about user's
preferences.

# Past post questions and detailed descriptions of these questions:
{profile}

# Current post question:

{question}

output: ™' json

Response Refinementl Prompt

Thanks for your response. The user has provided the following feedback on your response:

{feedback}

# Your task: Refine your response to the user's question based on the feedback provided by the user.

# Your output: You should generate a refined response to the user's question based on the feedback provided

by the user. Your output should be a valid json object in
- personalized_answer: contains the refined answer to the user's current question by applying the
provided feedback.

output: "' json
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Algorithm 1 7F VAC HEZE ip S BRI RAGER

Input: policy model mg , feedback model @, , retriever R, dataset D , metric p , number of training iterations T , number of retrieved

documents K , number of generated feedback N
Output: trained policy model 7yr , trained feedback model ¢, r
1: for t =1untilT do
2 // training the feedback model ¢; for round t

3: Dy, = {3 > This round’s training data for feedback model
4 for (x,, Py, Ex,,7x,) € Dirain do > For each input in training dataset
5: Vi1 = -1 (3 R(xy, Py, K)) > Generate initial output
6: F=1{ > Set of feedbacks for this specific output
7: for j=1until N do > For N times
8: F = F U {1 (s ROy, Py K37 3 1)} > Generate a feedback using feedback model with a high temperature for the
generated output
9: end for
10: Dy , = Dy, U{(xy Y1-1, Pus T, f)|ar%max HCxys -1 (%63 ROy Pyy K3 Y315 f), Ex s 7 )} > Find the feedback that maximizes
€F
the metric when applied to the previous generated output and add it to the training set
11: end for

12: o' = argmax 2 e sie f)E Dy, log p,(flxy; R(xy, Py, K)s1ry 5 %—1) > Maximize the probability of generating feedback given the
W u’ (2, u

generated output, input, and personalized aspects

13: // training the policy model 7y for round ¢
14: Dy, =

15: for (x,, Py, Ex,,7x,) € Dirain do

16: Yi-1 = 71 (%3 R(x, Py, K))

17: I = o (s R(xs Pu)K);rxu;ytfl)

18: ¥ = -1 (3 R(xy, Py, K); Y15 f)

19: Dy = Dy, U {Cys Py y0)}

20: end for

2t: o= arg;nax Z(xu,Pu,y,)eD,,gt log pg(34|xus R(xy, Pys K))

inputs and retrieved personal documents
22: end for
23: return myr, §,r

> This round’s training data for policy model

> For each input in training dataset

> Generate initial output

> Generate a feedback using the optimized feedback model

> Apply the generated feedback to the previous generated output
> Add the updated output to the training set

> Maximize the probability of generating the updated output given the

> Return the fully trained policy and feedback model
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Feedback Model Prompt

You are a helpful assistant designed to generate feedback for the generated response to a user's question,
considering the user's detailed information need and the aspects that the user expects to see in the response
to their question. Your task is to provide actionable feedback on how to improve the generated response based
on the user's detailed information need and the aspects that the user expects to see in the response to their
question.
# Your input:

- The user's current question.

- The user's past post i and detailed iptions of these

- The generated response to the user's question.

- The detailed information need that the user provided in the post for this question.
# Your task: Provide actionable feedback on how to improve the generated response based on the user's
detailed information need and the aspects that the user expects to see in the response to their question.
# Your output: Your output should be a valid json object in **json "™ block that contains the following fields:

- feedback: contains the feedback on how to improve the generated response based on the user's

detailed information need and the aspects that the user expects to see in the response to their question.

# Past post questions and detailed descriptions of these questions:
{profile}

# Current post question:

{question}

# Generated response:

{generated_response}

# Detailed information need:

{question_narrative}

output: "' json
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Table 1: LaMP-QA &b i AN B AR B 4 5e i
Arts & Lifestyle & Personal Society &
Method Entertainment Development Culture
‘ train validation test ‘ train validation test ‘ train validation test
# Questions (users) | 9349 801 767 \ 7370 892 989 \ 7614 810 1074
# Evaluation Aspects | 2.7 0.9 47+12 46+12 | 31x10 51+1.1 51212 | 29%09 48+ 1.1 48+1.0
Profile Size ‘ 106.7 +£127.3  129.0 +183.7 159.1 £ 203.0 ‘ 116.6 +£162.0 98.2+198.6 111.6+220.3 ‘ 1413 +£194.7 110.5+210.6 115.8 +203.6
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Planning Prompt

You are a helpful assistant designed to generate the topics that user might expect to see in a response to their
question. Your task is to extract the important aspects that the user expects to see in a response to their
question considering the previous questions asked by the same user and the detailed information need they
provided in the post.

# Your input:
- The user's current question.
- The user's past post questions and detailed descriptions of these questions.

# Your task: Extract the important aspects that the user expects to see in a response to their question
considering the previous questions asked by the same user and the detailed information need they provided
in the post.

# Your output: You should generate a list of aspects that are important for the user to be included in the
response to their question.

# Past post questions and detailed descriptions of these questions:
{profile}

# Current post question:

{question}

output:

Generation with Plan

You are a helpful assistant designed to generate personalized responses to user questions. Your task is to
answer a user's question from a post in a personalized way by considering this user's past post questions and
detailed descriptions of these questions. Additionally, you are provided with the aspects that the user expects
to see in the response to their question, which you can use to generate a personalized answer.

# Your input:
- The user's current question from a post.
- The user's past post questions and detailed descriptions of these questions.
- The aspects that the user expects to see in the response to their question.

# Your task: Answer the user's current question in a personalized way by considering this user's past post
i and detailed iptions of these to learn about the user's preferences. Additionally, you
should consider the aspects that the user expects to see in the response to their question.

# Your output: You should generate personalized answer to the user's current question by considering this
user's past post questions and detailed descriptions of these questions to learn about user's preferences.
Additionally, you should consider the aspects that the user expects to see in the response to their question.
Your output should be a valid json object in ***json ™ block that contains the following fields:
- personalized_answer: contains the personalized answer to the user's current question considering the
this user's past post questions and detailed descriptions of these questions to learn about user's
preferences.

# Past post questions and detailed descriptions of these questions:
{profile}

# Current post question:

{question}

# Aspects expected in the response:
{plan}
output: " json
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I'm making stock from turkey bones and all of the other leftovers hanging around the refrigerator. Since the cooking time varies quite a bit depending on cooking method (I'm doing a slow simmer on the stovetop) and bone type, how
can | know when my stock is done cooking so that | can begin to chill it?

Initial Response

When cooking stock, especially turkey stock, you can
tell it's done when it has a rich, deep flavor and a
gelatinous consistency. The stock should be simmered
slowly for several hours, allowing the flavors to meld
and the bones to release their collagen, which thickens
the stock. For turkey stock, you might simmer it for
about 6 to 8 hours. You can also check for doneness by
tasting a small amount; it should have a savory, umami
flavor without any raw or metallic tastes. Additionally,
you can test the consistency by letting a small amount
of stock cool slightly and then gently stirring it; if it forms
a slight skin on the surface, it's likely done. Enjoy your
homemade stock in various recipes like soups, sauces,
or even as a base for your next batch of couscous!

Feedback

Updated Response

content_improvement: The response should include specific
indicators for when the stock is done cooking, especially for a slow
simmer on the stovetop. It should also mention the importance of
monitoring the stock's clarity and flavor development, as well as the
potential need to adjust the cooking time based on bone type.
structure_suggestions: The response could be structured into
clear sections: indicators of doneness, monitoring the stock, and
adjusting for different bone types. This will help the user
understand the process better and apply it to their specific
situation.

Additional information: It would be helpful to include a timeline
for different bone types (e.g., chicken, beef, turkey) and how they
might affect the cooking time. This will provide more context and

ensure the user can apply the information accurately.
couscous!

Rubrics

} [Haw do | know when my stock is done cooking?}

Surface Preparation:

Do | need to sand all of the
previous paint off? Do |
need to prime?

Material Compatibility:
not wood, it might be some
kind of composite material.

Paint
Durability/Longevity:

but by the next season the
paint is chipping and
peeling off.

Paint Recommendation /
Suitability:

Is the emerald line of
Sherwin Williams exterior
paint good enough to
finish?

Any tips for refinishing the exterior trim around my front
door?

{

When cooking turkey stock on the stovetop, there are several indicators to help you
determine when it's done. First, monitor the stock's clarity; it should be clear and free of
any sediment. The flavor should be rich and savory, with no raw or metallic tastes.
Simmer the stock slowly for about 6 to 8 hours, but the exact time can vary depending
on the bone type. For example, turkey bones typically require a longer cooking time
compared to chicken or beef bones. To ensure the stock is done, you can test its
consistency by letting a small amount cool slightly and gently stirring it. If it forms a slight
skin on the surface, it's likely done. Additionally, taste a small amount to check for a
balanced, deep flavor. Here's a breakdown of the process:- **Indicators of Doneness**:
Clear, rich flavor, no raw or metallic tastes, slight skin forms when cooled.- **Monitoring
the Stock**: Regularly check the clarity and taste.- **Adjusting for Different Bone
Types**: Turkey bones generally require 6 to 8 hours, while chicken bones might take 4
to 6 hours, and beef bones could take up to 12 hours.Enjoy your homemade turkey
stock in various recipes like soups, sauces, or as a base for your next batch of

Our Method

PlanPers

Certainly! Refinishing the exterior trim around your front door can enhance both the aesthetic and protective qualities of]
your home. Here are some detailed steps and tips to help you achieve the best results:1. **Preparation**: - **Remove
Old Paint**: Use a scraper or a putty knife to remove any old paint or debris from the trim. This will ensure a smooth
surface for the new paint. - **Sand the Surface**: Lightly sand the trim with a fine-grit sandpaper (around 220 grit) to
remove any rough spots and create a smooth surface. Wipe down the trim with a damp cloth to remove any dust or
debris.2. **Cleaning**: - **Wash the Trim**: Clean the trim with a solution of mild soap and water to remove any dirt or
grime. Rinse thoroughly with a hose or a bucket of clean water.3. **Sealing**: - **Apply a Sealer**: Before painting,
apply a clear sealer to protect the wood and enhance its natural beauty. This step is crucial for maintaining the trim's
longevity. Use a high-quality exterior sealer, such as a water-based or oil-based sealer, depending on your preference
and the type of wood.4. **Painting**: - **Choose the Right Paint**: Select a high-quality exterior paint that is resistant
to UV rays, moisture, and weather. Consider using a semi-gloss or gloss finish for better durability and easier cleaning.
- **Apply the Paint**: Start by applying a primer if necessary, especially if the trim is in poor condition. Then, apply the
paint in thin, even coats. Use a high-quality paintbrush or a roller for the best results. Allow each coat to dry completely
before applying the next.5. **Finishing Touches**: - **Touch-Ups**: After the paint has dried, check for any touch-ups
needed. This is especially important if the trim has any scratches or imperfections. - **Protective Coating**: Consider
applying a clear protective coating to the finished trim to enhance its durability and protect it from the elements.6.
**Specific Tips for Your Situation**: - **Weather Considerations**: Given the high humidity and heat in New Jersey, it's
important to work in the cooler parts of the day to avoid the heat. Apply the sealer and paint when the temperature is
below 80\u00bOF (27\u00bOC) and the humidity is below 70%. - **Product Recommendations**: For a durable and
long-lasting finish, consider using a high-quality exterior paint like Sherwin-Williams Duration or Benjamin Moore Aura.
These paints are known for their resistance to UV rays and moisture.By following these steps and tips, you can ensure
that your front door trim looks great and lasts for years to come. If you have any specific concerns or questions, feel

free to ask!

For refinishing the exterior trim around your front door, it's
important to consider the type of wood you have. Given that
your deck has been treated with Behr DeckPlus Solid Color
Waterproofing Woodstain, it's likely that the trim is also made
of a similar wood type, such as cedar or redwood. Since the
trim is already in a weathered state, you should start by
cleaning it thoroughly to remove any dirt, grime, and old finish.
Power washing might be necessary to ensure a clean surface.
Once the trim is dry, you can sand it down to remove any
loose or damaged areas. If the wood is in good condition, you
can apply a new coat of exterior paint or stain, depending on
your desired finish. For a more durable and long-lasting finish,
consider using a high-quality exterior paint or a penetrating
sealer. If you're looking for a more natural look, a clear or
semi-transparent stain might be a good choice. Given your
budget, you might want to look for products from reputable
brands like Behr, Sherwin-Williams, or Benjamin Moore. These|
brands offer a range of options that can provide both
protection and aesthetic appeal. If you're not comfortable
doing the work yourself, you might consider hiring a
professional painter or trim specialist to ensure the job is done
correctly and lasts for many years.
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